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Abstract: Storage and Respiration of Carbon in a Montane Rainforest in 
Sulawesi, Indonesia 
Forests play an important part in the global carbon cycle. While carbon balances of many forest 
types have been studied intensively, such information is very sparse for tropical montane 
rainforests. This thesis aims to establish a robust estimate of carbon storage, respiration and the 
overall carbon balance of such a forest in the central mountains of Sulawesi, Indonesia. To this 
end, three approaches were combined. Forest inventories were used to determine forest stand 
parameters such as aboveground biomass (AGB), basal area (BA) and changes thereof; soil 
respiration (Rs) measurements provided an insight into the major component of ecosystem 
respiration and eddy-covariance (EC) measurements were used to estimate net ecosystem exchange 
(NEE). For long term changes in AGB, results from an inventory carried out in 2006 were used as 
baseline. These were combined with results from a large scale inventory carried out in 2017, which 
resulted in an estimated annual increase of AGB of 2.54 Mg ha-1 y-1. Based on the 2017 data, AGB 
was estimated to be 321.38 ±9.64 Mg ha-1 and BA 37.86±0.38 m² ha-1. To quantify Rs and to identify 
its main drivers, Rs, soil temperature (Ts) and soil moisture (Ms) were measured 21 times at 22 
locations at the study site over the span of one month. Forest density in the form of BA and mean 
DBH were known for each location through the forest inventory mentioned above. I used a range 
of models to analyse interactions between Rs, Ts, Ms, mean DBH, BA and further variables. BA 
was the most important factor controlling Rs rates, exceeding the effects of Ts and Ms. Linear mixed 
effect models including BA reached the best results of all models, explaining up to 88% of Rs 
variability.  Rs over the measurement period was 6.2 ± 1.8 µmol m
-2 s-1, whereby spatial variability 
(CV=137%) exceeded temporal variability significantly (CV=60%). Estimates of NEE based on 
EC for tropical rainforests are often problematic due to unfavourable measurement conditions at 
night. Such conditions exist at this study site as well and led to the dismissal of the majority of 
measured night-time fluxes. Four gap-filling strategies were tested of which only two led to 
defensible annual NEE rates. The most realistic outcome is achieved by replacing all night-time 
measurements with modelled data. For this purpose, the Mixfor-SVAT model, which has been 
used for the site before, was re-parameterised with my new Rs measurements. This led to a 
modelled night-time respiration of 9.01±1.47 µmol CO2 m
-2 s-1 which together with day-time EC 
measurement data resulted in an estimated annual NEE of -4.07 to -5.29 Mg C ha-1 y-1. The three 
approaches together show that the forest at the study site is a persistent carbon sink and enabled 
the first defensible annual NEE estimate of a tropical montane rainforest worldwide. 
 
Keywords: tropical montane rainforest, forest inventory, aboveground biomass, basal area, soil 
respiration, chamber measurements, eddy-covariance, gap-filling, net ecosystem exchange, carbon 




Zusammenfassung: Speicherung und Respiration von Kohlenstoff in einem 
Bergregenwald in Sulawesi, Indonesien 
Wälder spielen eine große Rolle im globalen Kohlenstoffkreislauf. Während die 
Kohlenstoffbilanzen vieler Waldtypen intensiv untersucht wurden, sind Informationen dieser Art 
über tropische Bergregenwälder noch sehr begrenzt. Ziel dieser Arbeit ist es, eine solide Schätzung 
der Kohlenstoffspeicherung, -respiration sowie der Kohlenstoffbilanz eines solchen Waldes in den 
Bergen von Sulawesi, Indonesien, zu erstellen. Zu diesem Zwecke wurden drei Ansätze kombiniert. 
Forstinventuren wurden verwendet, um Waldbestandsparameter wie oberirdische Biomasse 
(AGB), Bestandesgrundfläche (BA) und deren Änderungen zu bestimmen; Messungen der 
Bodenatmung (Rs) lieferten einen Einblick in die Hauptkomponente der Ökosystematmung, und 
Eddy-Kovarianz-Messungen (EC) wurden verwendet, um den Netto-Ökosystemaustausch (NEE) 
abzuschätzen. Zur Schätzung langfristiger Änderungen der AGB wurden die Ergebnisse einer 2006 
durchgeführten Bestandsaufnahme als Basis verwendet. Diese wurden mit den Ergebnissen einer 
umfangreichen Forstinventur im Jahr 2017 kombiniert und führten zu einem geschätzten 
jährlichen Anstieg der AGB um 2.54 Mg ha-1 y-1. Basierend auf den Daten von 2017 wurde die 
AGB auf 321.38 ± 9.64 Mg ha-1 und BA auf 37.86 ± 0.38 m² ha-1 geschätzt. Um Rs zu quantifizieren 
und die wichtigsten Einflussfaktoren zu identifizieren, wurden Rs, Bodentemperatur (Ts) und 
Bodenfeuchtigkeit (Ms) 21-mal an 22 Standorten am Untersuchungsort über einen Zeitraum von 
einem Monat gemessen. Die Bestandesdichte in Form von BA und sowie der mittlere BHD war 
für jeden Standort durch die oben erwähnte Forstinventur bekannt. Eine Reihe von Modellen 
wurde eingesetzt, um Wechselwirkungen zwischen Rs, Ts, Ms, mittlerem BHD, BA und weiteren 
Variablen zu analysieren. Der Einfluss von BA auf Rs übertraf den aller anderen Parameter. Ein 
„linear mixed effect model“ welches die Einflüsse von Ts, BA und Dicke der Humusauflage 
berücksichtigte erzielte die besten Ergebnisse aller Modelle und erklärt bis zu 88% der Rs-
Variabilität. Mittlere Rs über den Messzeitraum betrug 6.2 ± 1.8 umol m
-2 s-1, wobei die räumliche 
Variabilität (CV = 137%) die zeitliche Variabilität (CV = 60%) signifikant überstieg. Schätzungen 
von NEE basierend auf EC für tropische Regenwälder sind häufig aufgrund ungünstiger 
Messbedingungen in der Nacht problematisch. Solche Bedingungen bestehen auch an dem hier 
diskutierten Untersuchungsort und führten zur Ablehnung der Mehrzahl der gemessenen 
Nachtflüsse. Es wurden vier Lückenschließungsstrategien getestet, von denen nur zwei zu 
vertretbaren jährlichen NEE-Raten führten. Das realistischste Ergebnis wird erzielt, indem alle 
Nachtmessungen durch modellierte Daten ersetzt werden. Zu diesem Zweck wurde das Mixfor-
SVAT-Modell, das zuvor schon für den Standort verwendet wurde, mit meinen neuen 
Rs-Messungen neu parametrisiert. Dies führte zu einer modellierten Nachtatmung von 9.01 ± 1.47 
µmol CO2 m
-2 s-1, die zusammen mit den EC-Messdaten am Tage einen geschätzten jährlichen 
 
 
NEE von -4.07 bis -5.29 Mg C ha-1 y-1 ergab. Die drei Ansätze zusammen zeigen, dass der Wald 
am Untersuchungsort eine beständige Kohlenstoffsenke ist. Kombiniert ermöglichen sie die 
weltweit erste realistische Einschätzung von jährlichem NEE eines tropischen Bergregenwaldes. 
Schlagwörter: tropischer Bergregenwald, Forstinventur, oberirdische Biomasse, Grundfläche, 
Bodenatmung, Kammermessungen, Eddy-Kovarianz, Lückenschließung, Netto-
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Common abbreviations in this thesis 
Chapter 2 
AGB - Aboveground biomass 
DBH - Diameter at breast height 
BA - Basal area 
CSR - Complete spatial randomness 
RSE - Residual standard error 
 
Chapter 3 
Rs - Soil respiration 
Ts - Soil temperature 
Ms - Soil moisture 
BA - Basal area 
DBH - Diameter at breast height 
LR - Linear regression 
MLR - Multiple linear regression 
NLR - Non-linear regression 
LME - Linear mixed effect model 
DOL - Depth of organic layer 
 
Chapter 4 
EC - Eddy-Covariance 
NEE - Net ecosystem exchange 
MDS - Marginal distribution sampling 
ENSO - El-Nino Southern Oscillation 
RE - Ecosystem respiration 
VPD - Vapour pressure deficit 
H - Sensible heat 
LE - Latent heat 
Rg - Global radiation 
PAR - Photosynthetically active radiation 










1.1 Forest in the context of the global terrestrial carbon cycle 
 
Forests play an important role amongst terrestrial ecosystems in the context of the global carbon 
cycle. Not only are they a large carbon storage, containing about 80% to 92% of terrestrial plant 
biomass (Kindermann et al., 2008; Pan et al., 2013), they are also responsible for about half of all 
terrestrial net carbon uptake (Bonan, 2008; Pan et al., 2013). As forests cover large areas of the 
globe and grow under vastly different circumstances, species diversity and forest structure (e.g. 
density of stems, age distribution, vegetation layers) vary greatly (Pan et al., 2013). This leads to 
carbon uptake, allocation and respiration dynamics which are equally divers. Carbon uptake 
through photosynthesis and respiration (RE) are responsible for the majority of the CO2 exchange 
between the atmosphere and an ecosystem, while allocation has a strong impact of its retention 
time in the ecosystem (De Deyn et al., 2008).  
Total ecosystem RE stems from multiple sources, mainly leaf, stem and soil respiration. The latter 
can be subdivided further into autotrophic respiration, which is a result of plants using stored 
carbon and heterotrophic respiration stemming from decomposition of dead organic matter by 
microorganisms (Chambers et al., 2004). Total carbon captured through photosynthesis by an 
ecosystem is generally referred to as gross primary productivity (GPP), the difference between GPP 
and RE is denoted as either net ecosystem productivity (NEP) or net ecosystem exchange (NEE). 
The main difference between NEP and NEE are opposite sign conventions. While NEP has a 
positive sign for carbon accumulation in an ecosystem, the point of view for NEE is the 
atmosphere and carbon withdrawn from this pool, i.e. carbon uptake by an ecosystem, has a 
negative sign. For a schematic overview of the main components of the carbon cycle in a rainforest 
see Figure 1.  
Forests are impacted by climatic and human influences and are constantly changed accordingly. 
During the last decades however, these changes have been accelerated. Global warming rapidly 
changes environmental conditions for forests, its long term effects on forests still uncertain 
(Boisvenue and Running, 2006; Bonan, 2008). While current trends for forest area and therefore 
biomass in temperate zones are unclear (Hansen et al., 2013; Potapov et al., 2009), tropical forests 
are under continuous pressure through large scale deforestation and degradation of forests (Baccini 
et al., 2012; Pan et al., 2011). This has major impacts on the global terrestrial carbon cycle as tropical 
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forest account for 34% of global GPP (Beer et al., 2010), ~ 35% of global NEE and two-thirds of 
terrestrial biomass (Pan et al., 2013). 
 
 
Figure 1: Schematic overview of the main components of the carbon cycle in a rainforest. 
 
 
1.2 Carbon storage and respiration of tropical montane rainforests in 
Southeast Asia  
 
Tropical forests are estimated to store about 393.3 Pg C worldwide, 56% of which is accumulated 
in biomass and 32% in soil (Pan et al., 2011, 2013). A recent pantropical study suggests that 
unmanaged mature tropical forest stands contain 165.49±13.74 Mg C ha-1 (Anderson-Teixeira et 
al., 2016). These large carbon stocks in the tropics have been reduced through deforestation and 
degradation of forests by -2.94±47 Pg y-1 from 1990-2007 (Pan et al., 2011) and are still declining, 
especially in Brazil, Indonesia and other regions of Southeast Asia (Zeppetello et al., 2020).  
Overall, 26% of tropical forest biomass is found in Southeast Asia. Including all areas with a tree 
cover > 10%, the total amount of carbon stored in rainforests in Indonesia alone is approximately 
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24 Gt C. About 82% of this biomass is accumulated in forests with above-ground biomass (AGB) 
exceeding 250 Mg ha-1 (Saatchi et al., 2011).  
Direct measurements of carbon storage in a forest without destructive sampling (e.g. coring) is 
practically impossible. Therefore, AGB estimates are often used as proxies for carbon storage. As 
AGB is mostly comprised of woody biomass in forest ecosystems and a carbon content of ~50% 
has been found repeatedly for woody biomass (Hughes et al., 1999; Losi et al., 2003), the same 
proportion of carbon in AGB is often assumed (Brown et al., 1993).  
High AGB estimates are often found in tropical montane forests in the region. A forest on Mount 
Kinabalu on Sumatra has an AGB of 280 Mg ha-1 (Aiba and Kitayama, 1999; Kitayama and Aiba, 
2002) whereas Culmsee et al. (2010) found AGBs exceeding 280 Mg ha-1 in 4 forests located above 
1000 m a.s.l. on Sulawesi. For all montane rainforests in insular tropical Asia, a mean AGB of 304 
Mg ha-1 (CV 27%) was estimated (Brown et al., 1993). Repeated forest inventories of the same sites 
over longer time periods yield estimates of yearly AGB increases. For 5 sites in old-growth forests 
above an altitude of 1000 m a.s.l on Borneo, mean yearly AGB change was estimated as -0.7±3.1 
Mg ha-1 y-1(Requena Suarez et al., 2019).  
Soil respiration is the major component of total ecosystem RE in many rainforests (Chambers et 
al., 2004; Hutyra et al., 2008; Rubio and Detto, 2017). So far however, there are only two studies 
from tropical montane old-growth rainforests in South-East Asia investigating this important 
component which have been published in international scientific journals. The most recent study 
was carried out in a montane rainforest on Sulawesi, Indonesia, at 1050 m a.s.l., resulting in a soil 
respiration estimate of 3.1 µmol m-2 s-1 (van Straaten et al., 2011). Soil respiration more than twice 
as high were measured by Hashimoto et al. (2004), who  reported an estimated annual mean of 6.8 
µmol m-2 s-1 for a montane forest in Thailand.  
The two other major components of ecosystem RE are severely understudied in Southeast Asian 
rainforests. Besides one study on leaf respiration at the site discussed in this thesis (Rakkibu, 2008), 
no published studies reporting measurements of these CO2 sources could be found. 
Besides direct measurements of biomass changes or individual components of total ecosystem RE, 
measurements of the CO2 exchange between the ecosystem and the atmosphere are possible with 
the eddy-covariance method (Baldocchi, 2003). Studies using this technique in montane rainforests 




While estimates of carbon stocks and rates of changes therein in tropical forests have a high 
uncertainty (Houghton, 2005), this information is nevertheless critical to assess the role these 
ecosystems play in the global carbon cycle and for the implementation of measures to reduce 
degradation of forests and deforestation such as REDD+ (Gibbs et al., 2007). In view of large 
carbon losses from Southeast Asian tropical rainforests, knowledge about C-stocks and fluxes from 
the remaining old-growth forests in this biome are important to estimate future impacts on the 




1.3 The Bariri tower site  
 
The study site is an old-growth tropical montane rainforest in the Lore Lindu national park in 
Central Sulawesi, Indonesia (1°39.47’ S, 120°10.409’ E, Figure 2), which is an important 
conservation area (Cannon et al., 2007). It is located about 1440 m a.s.l.. Rainfall typically decreases 
slightly from May to October and local climate is mostly influenced by the Intertropical 
Convergence Zone. Meteorological parameters and CO2 fluxes are measured at a 70 m scaffold 
tower inside the forest (Olchev et al., 2015). Mean annual rainfall from January 2014 - January 2017 
was 2307 mm and mean air temperature 20.5 °C. The forest is very dense with 592 trees ha-1 with 
a DBH > 10 cm and 74 different tree taxa are present (Culmsee and Pitopang, 2009). Consequently, 
the leave area index (LAI) is very high with approximately 7.2 m² m-2 (Olchev et al., 2015). The soil 
has been described as Rhodic Ferralsol (Brambach et al., 2017).  
The Lore Lindu national park is a UNESCO biosphere reserve and national park since 1977. After 
forests in the area of the national park recovered for a while since the mid-18th century, 
deforestation picked up speed at the start of the 20th century (Biagioni et al., 2016). There was no 
logging at the site in the recent past, but harvesting of rattan took place until the construction of 
the tower. Today the Lore Lindu national park is part of the REDD+ framework (Howell, 2015). 
More specific site details are described in each chapter. 
 
Figure 2: Location of the study site in central Sulawesi, Indonesia. 
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1.4 Methods for identifying CO2 – fluxes and accumulation of carbon in 
rainforests used in this thesis and previous work in this direction at the 
Bariri site 
 
1.4.1 Forest inventories 
The oldest approach to estimate changes of carbon stocks in tropical forests is probably repeated 
forest inventories in combination with allometric models. Forest inventories can be carried out in 
multiple ways, but the core components are generally the measurement of tree diameters 1.3 m 
above the ground (diameter at breast height, DBH) and the measurement of tree heights at 
locations (plots) in the forest, selected according to a sampling scheme. This sample of trees is then 
used to infer DBH and height characteristics of the general tree population in the forest. To 
estimate biomass, allometric models are combined with the measured variables (Kleinn, 2007). 
These allometric models are calibrated by a combination of forest inventory measurements and 
subsequent harvesting of trees. After harvesting, a model is fitted to describe the relationship 
between measurements taken while the trees were standing and their biomass determined after 
felling. Such calibrated models are then used to infer aboveground tree biomass (AGB) from 
non-destructive measurements of tree diameter alone, or in combination with tree height (Gibbs 
et al., 2007). It has been shown however that the utilisation of locally measured heights in these 
models greatly improves the accuracy of biomass estimates (Chave et al., 2005; Feldpausch et al., 
2012; Hunter et al., 2013). While the basic principles of allometric models were developed for 
managed forests in temperate climates, a wide variety of these models specifically designed for 
tropical biomes exists today (Brown et al., 1989; Chave et al., 2005, 2014; Feldpausch et al., 2011). 
For temperate forests, species specific models were developed, whereas models for the tropics are 
more general and are applied to broad categories such as ‘wet tropics’, as forest stands can contain 
more than 300 different species (Chave et al., 2005). This approach obviously has its drawbacks as 
similarity of biomass to diameter/height ratios in a very diverse biome and across very different 
species is assumed. Results should therefore always be treated as estimates with an uncertain error 
term. (Clark and Kellner, 2012).  
Measurements using the described forest inventory tools and deriving AGB estimates with a 
pantropic allometric model at the Bariri site were carried out in 2006 by Culmsee et al.. These 




1.4.2 Chamber measurements 
To disentangle total ecosystem respiration into its three main sources (soil-, leaf-, stem respiration), 
direct measurements of those components are required, which is usually achieved through in-situ 
gas exchange chamber measurements (Chambers et al., 2004). To estimate CO2-fluxes, the source 
(e.g. leaf, stem surface, soil surface) is covered by a “chamber” which is connected to an infrared 
gas analyser (IRGA). The air inside the chamber is pumped via non-absorbent tubes to the IRGA 
over a certain amount of time. The IRGA uses the characteristic wavelength absorption spectrum 
of CO2 to determine gas concentrations at previously set times during the measurement interval. 
The differences between these concentrations are then used to infer CO2-fluxes from the source 
to the chamber airspace (Long et al., 1996).   
While accuracy of measurements have increased with technological developments, upscaling of 
these measurements to ecosystem wide respiration estimates remains difficult in tropical rainforests 
(Malhi, 2012). Due to high species diversity and structural complexity in combination with difficult 
work conditions, studies measuring leaf- and stem respiration of many individual trees in rainforests 
remain rare (Asao et al., 2015; Chambers et al., 2004; Katayama et al., 2016; Stahl et al., 2013). Soil 
respiration has been measured at more rainforest sites, yet the high spatial variability discovered in 
many studies suggests that site specific measurements are needed (Metcalfe et al., 2007). 
Leaf respiration rates at the study site were investigated by Golam Rakkibu and published in his 
doctoral thesis (Rakkibu, 2008). Stem and soil respiration were also measured previously, but never 
published.   
1.4.3 Eddy-Covariance 
Eddy-covariance (EC) measurements provide an estimate of bulk CO2-fluxes between an 
ecosystem and the atmosphere (Malhi, 2012). The EC-technique’s core principle is the turbulent 
transport of trace gases in the atmosphere by up- and downward moving air. The flux Fc of the 
trace gas c is calculated as the covariance between the vertical wind flux w and the concentration of 
c while correcting for different air densities 𝜌𝑎,  (Baldocchi, 2003):  
Eq. 1.1 
𝐹𝑐 = ?̅?𝑎 ∗  𝑤′𝑐′̅̅ ̅̅ ̅̅  
Overbars denote the Reynolds averaging operator and primes the departure from the time average. 
This rather simple formula becomes very complicated, if the range of fluxes that usually occur in 
an ecosystem is accounted for. Generally accepted but still simplified is the following equation for 
NEE which assumes incompressibility of air (Feigenwinter et al., 2004; Finnigan, 1999; Finnigan 




𝑁𝐸𝐸 =  𝑤′𝑐′̅̅ ̅̅ ̅̅ (𝑧𝑟) + ∫






















      IV 
Longitudinal, lateral and vertical wind velocities are denoted by v, u and w, respectively. 
Correspondingly, x, y and z stand for the axes of a Cartesian coordinate system while overbars 
continue to stand for the Reynolds averaging operator and primes for departures from the time 
average. This equation is comprised of the vertical flux (I), the storage flux below the EC-
measurement setup (II) and vertical (III) as well as horizontal (IV) advection. Horizontal turbulent 
flux divergence and horizontal variation of vertical turbulent fluxes are not accounted for in this 
formulation (Feigenwinter et al., 2008). 
The importance of the different terms depends on the circumstances at the measurement site as 
well as atmospheric conditions at the time measurements are taken. Ideal conditions for EC are 
given if the terrain is flat and homogeneous, while mean vertical wind speed over longer time spans 
has to be zero and atmospheric turbulence must be fully developed for this technique to work 
properly (Baldocchi, 2003; Burba and Anderson, 2010). 
Under perfect conditions, the vertical flux (I) would be the only important flux. Especially under 
tall vegetation however, the storage flux (II) can become large, although it should be zero over long 
time spans. Horizontal (III) and vertical (IV) advection are important if stable atmospheric 
conditions prevail and are most pronounced at sites on sloped terrain or with recurring breezes 
(Aubinet, 2008; Feigenwinter et al., 2008). 
Such stable atmospheric conditions as well as low wind speeds are common in tropical forests, 
especially during the night (de Araújo et al., 2008). Coupled with large night-time ecosystem 
respiration relative to daytime uptake in such forests, NEE estimates of rainforests derived from 
EC measurements are dispositioned to overestimate carbon uptake rates in tropical rainforests 
(Hayek et al., 2018; Tóta et al., 2012).  
Such considerations so far prevented all attempts to publish NEE estimates based on EC 
measurements at the Bariri site in peer-reviewed journals. The only citable resource is the doctoral 
thesis by Thomas Roß (Ross, 2007), who measured EC-fluxes from 15th October 2003 to 15th June 




In order to better understand ecosystem processes and to fill gaps in observational data, a range of 
SVAT-models (Soil-Vegetation-Atmosphere-Transport) have been developed. These range from 
‘big-leaf’ to multi-layer models and while the latter may include more detailed process descriptions, 
the former are often used to describe large-scale phenomena (Falge et al., 2005). One of these 
multi-layer models is Mixfor-SVAT, built to investigate the energy, H2O and CO2 fluxes between 
structurally complex forests and the atmosphere (Olchev et al., 2008).   
For Bariri, the Mixfor-SVAT model was parameterised by Olchev et al. (2008) with the 
aforementioned locally measured leaf respiration data (Rakkibu, 2008), EC-measurements (Ross, 




1.5 Structure of this thesis 
 
While this first section of the thesis gives a broad overview of carbon storage and respiration in 
montane tropical rainforests as well as their importance for the global terrestrial carbon cycle, the 
following sections will focus on different parts of this cycle. 
1.5.1 Aboveground biomass storage and changes thereof 
In the second section of this thesis (chapter 2), temporal changes in aboveground-biomass (AGB) 
stored in trees with a DBH ≥ 10 cm will be described based on results of consecutive forest 
inventories (Figure 3 (a)). This approach is well established and provides conservative estimates of 
total ecosystem AGB, as it considers larger trees only and completely disregards non-tree biomass. 
Measured changes in AGB presented in this section will be invaluable as independent benchmark 
for ecosystem carbon storage changes based on EC-measurements. 
Furthermore, three different DBH-height models are compared and the feasibility to apply these 
models with unchanged parameters over a longer time span is tested. The underlying idea is to 
enable forest inventories of the same area in the future without measuring heights each time.  
1.5.2 Soil respiration measurements 
The third section (chapter 3) focuses on the main component of RE, soil respiration (Rs, Figure 
3 (b)). Over the course of one month, Rs at 22 locations was measured 21 times with an LI-8100-
103 (LI-COR Biosciences, USA) survey chamber. Measurements were undertaken during 4 time 
windows: 05:00 - 07:00 hours, 11:00 - 13:00 hours, 17:00 - 19:00 hours and 23:00 - 01:00 hours. 
Afterwards, the influence of meteorological as well as forest stand parameters on these 
measurements were investigated. To this end, simple linear, multiple linear and non-linear 
regression models as well as linear fixed-effect models were used to establish correlations between 
these parameters and Rs.  
Finally, the temporal variability of meteorological parameters and forest biomass was investigated 
to determine, if the Rs measurements could be seen as representative for the larger area and longer 
time spans.  
1.5.3 NEE-measurement with Eddy-covariance and canopy air CO2 storage profile 
The fourth section (chapter 4) covers NEE estimates based on EC measurements. The EC-
measurement setup consists of a LI-7500A (Licor Inc., USA) open-path IRGA and an USA-1 
omnidirectional sonic anemometer (METEK, Germany). A canopy air CO2 storage measurement 
profile consisting of air intakes at 0.25, 1, 2, 24, 38 and 48 m height, which were connected to an 
LI-820 IRGA (Licor Inc., USA) was added later on (Figure 3 c). 
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As there are large data-gaps especially during night-time, four gap-filling strategies and their 
influences on estimates of annual NEE are discussed in detail. Results of section 2 and 3 are then 
used to evaluate if these strategies lead to defensible NEE estimates for the Bariri site. 
1.5.4 Synopsis 
The final section of this thesis combines the results presented in chapters 2-4, compares them to 
findings from rainforests around the world and discusses possible explanations for deviations from 
these findings. It closes with considerations concerning information still missing for a complete 
picture of the CO2 cycle at the Bariri site and an overall conclusion. 
 
 
Figure 3: Overview of the CO2-cycle components estimated by the three approaches used in this 
thesis. a) Estimation of aboveground biomass and changes therein through forest inventories; b) 
Soil respiration measurements along a transect with a mobile soil chamber system; c) NEE 




1.6 Objectives of this thesis 
 
This thesis has three major objectives: 
- To estimate aboveground biomass and changes therein. This objective is addressed 
through forest inventory measurements and discussed in detail in chapter 2 
 
- To estimate soil respiration and its variations in time and space. Rs measurements 
were carried out to achieve this objective and are covered in detail in chapter 3 
 
- To achieve defensible annual Net Ecosystem Exchange estimates. To address this 
objective, results from chapter 2 and 3 are combined with EC measurements in chapter 4. 





2 Structure and temporal variations of aboveground 
biomass in an old growth rainforest in central 






Estimates of global tropical forest carbon stocks are often derived from biome averages and have 
a wide error margin (Gibbs et al., 2007). Accurately assessing geographic distributions of biomass 
are necessary to report and evaluate changes in carbon storage (Feldpausch et al., 2012). To 
improve the precision of biomass estimates, especially for dense tropical forests (Pan et al., 2011), 
ground-based forest inventories are useful. However for certain forest types, their availability is 
sparse. For instance, a recent new estimate of aboveground biomass (AGB) change over time in 
old-growth tropical montane rainforests in Asia relied on data from 5 sites only and resulted in an 
estimate of -0.7±3.1 Mg ha-1 y-1 (Requena Suarez et al., 2019). This means that for many regions, 
no data is available at all. While there have been multiple studies on tree diversity and biogeographic 
patterns on Sulawesi (Brambach et al., 2017; Culmsee et al., 2011; Culmsee and Pitopang, 2009; 
Kessler et al., 2005; Roos et al., 2004), studies on AGB in old-growth rainforests of Sulawesi are 
rare (Culmsee et al., 2010; Hertel et al., 2009). Records from long-term plots are non-existent to 
my knowledge. 
In order to obtain precise estimates from forest inventories, these have to be planned carefully and 
objectives should be defined clearly (Kleinn, 2007). A priori knowledge of spatial patterns in a 
forest are helpful in selecting proper inventory protocols for such inventories, which aim to cover 
as much of the variability of the forest as possible (Fortin et al., 1990; Häbel et al., 2019). 
Additionally, spatial patterns in forests are indicators of tree interactions and can help to understand 
ecological processes. The spatial arrangement of trees in a forest is an artefact of all processes 
influencing germination, growth and mortality. Some of these factors can be quantified using 
second-order measures of point processes and thus yield insights into the dynamics of tree stands 
(Chiu et al., 2013; Gavrikov and Stoyan, 1995). 
To estimate tree AGB from forest inventory data, a variety of allometric equations adapted to local 
conditions were developed for tropical regions (Brown, 1997; Brown et al., 1989; Chave et al., 2005, 
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2014). While equations which solely require diameter at breast height (DBH) as biomass predictor 
exist (Chave et al., 2005), models incorporating wood density and tree height are more precise 
(Chave et al., 2005, 2014; Feldpausch et al., 2012). This poses a challenge as height measurements 
are time consuming if done correctly, especially in dense forests (Larjavaara and Muller‐Landau, 
2013). Therefore, it would be advantageous to develop strategies which minimise the height 
measurement efforts for a certain accuracy (Hunter et al., 2013). A widely used approach is 
measuring tree heights of a sub-sample, to which DBH-height models are subsequently fitted. 
Diameter-height models for tropical forest on continental scale, to be used in case height data is 
missing, have been developed but localised measurements and site specific height models are 
preferable (Feldpausch et al., 2011; Ledo et al., 2016; Sullivan et al., 2018). 
Ledo et al. (2016) found that of those locally derived DBH-height models the three parameter 
Weibull function, followed by the Michaelis-Menten model performed best in three different 
tropical forest stands. The performance of these two models as well as a log-log linear model in 
conjunction with different sampling strategies was tested for 73 plots across the tropics by Sullivan 
et al. (2018). However, the temporal stability of these relationships has not been evaluated.  
Additionally, height measurements themselves can be a source of errors. Larjavaara and Muller‐
Landau (2013) found that height measurements as such can yield very robust results even in the 
tropics when carried out by trained personnel. When untrained personnel was involved, strong 
biases were observed (Larjavaara and Muller-Landau, 2013). As height measurements of every tree 




The three objectives addressed in this chapter are: 
- To estimate AGB, DBH and changes thereof. To estimate changes in AGB and DBH 
at different spatial and temporal scales, possibly the first repeated and thorough inventories 
in this area had to be planned and conducted. This information is necessary to assess 
changes in carbon storage of AGB and to constrain further carbon budget estimations 
- To investigate spatial patterns in tree distribution at the site and to establish if these 
changed from one inventory to the next. To decide whether the long-term plot is 
suitably sized to capture the dynamics of the forest at the site and to inform the planning 
of the large scale inventory, special patterns in tree distribution were investigated by using 
spatial statistics.  
- To investigate the temporal and spatial stability of DBH-height models. To establish 
if allometric relationships stay stable over longer periods of time and to decide if height 
measurements could be undertaken at longer time intervals than diameter measurements, 





2.2 Material and methods 
 
2.2.1 Data and measurements 
In 2006, three 40x60 m plots were established at the Bariri site. Of all trees with an DBH ≥ 10 cm 
inside those plots, DBH, height and position as well as species were recorded (Culmsee et al., 2010; 
Culmsee and Pitopang, 2009). I used this spatially referenced data to analyse spatial patterns of tree 
positions as well as tree competition and to describe differences in DBH density distribution, BA 
and AGB between 2006 and 2017. A common error source in repeated forest inventories are 
non-documented changes of diameter measurement heights. Such changes are frequent in the 
available data from 2006 and it was therefore not used to calculate individual tree diameter 
increment to avoid over- or underestimations.  
In one of these plots however, DBH and height for all trees with a DBH equal or greater than 10 
cm were again measured in August 2011 by Brambach et al. as part of a larger study of tree diversity 
in Sulawesi (Brambach et al., 2017), this time with deviations from 1.3 m measurement height 
documented.  Because of its position North-East of a meteorological tower, it will be referred to 
as NE-plot. Re-inventories of the NE-plot were conducted in October 2014 and April 2017. These 
data sets will be referred to from now on as NE11, NE14 and NE17. An additional 10 ha of the 
old-growth rainforest surrounding the meteorological tower was surveyed in 2017 (referred to as 
10HA further on) to examine if the NE-plot was representative for the area and to expand the 
analysis to a larger area. Concerning the NE-plot, the measurement protocol established by 
Brambach et al. (2017) was followed in 2014 and 2017. DBH or the diameter at a previously 
established point of measurement was measured (if it was still feasible) for all trees with a diameter 
≥ 10 cm with a diameter tape. Interfering lianas or epiphytes were removed. Each tree height was 
recorded as arithmetic mean of three consecutive height measurements with a Vertex III 
hypsometer (Haglöf, Sweden).  
From preliminary analysis of spatial statistics for the years 2006, 2011 and 2014, complete spatial 
randomness (CSR) of tree distribution was assumed and a regular 40x40 m grid sampling design 
was chosen for the 10 ha inventory. The survey covers the area around the meteorological tower 
in a parallelogram oriented along the main wind direction. At each grid intersection, a circular plot 
with 7.98 m radius (200 m²) was established, resulting in 64 plots covering 12.8% of the area. Plot 
radius was corrected for terrain inclination. Tree DBH and height were measured according to the 
protocol applied at the NE-plot. While DBH of all trees with DBH ≥ 10 cm inside the plots were 
measured, only one tree height per diameter class was recorded per plot. Diameter classes were set 
to 10 to < 30 cm, 30 to < 50 cm and > 50 cm. As a result, tree heights were measured for 154 out 
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of 731 (21%) trees on all 64 plots. Based on an analysis of height model performances (see later 
sections), the missing 533 tree heights were estimated with the Weibull diameter-height model. All 
measurements were conducted by the same team for NE14, NE17 an 10HA.  
 
2.2.2 Changes of BA and DBH distribution 
BA is used to compare stand density observed during different inventories. Additionally, I tested 
if the means of the DBH distributions of the inventory from 2006 and the 10HA inventory were 
significantly different via t-test to establish, if both inventories covered structurally similar areas of 
the forest. To discover a potential topographic gradient in the 10HA inventory, means of transects 
were tested for significant differences with an ANOVA. Furthermore, a visual overview of DBH-
distributions of all data sets is given. 
 
2.2.3 Height model performance 
To establish how height model selection influences height estimations and to select the best model 
for predicting the missing heights of the 10HA inventory, I compared the performance of log-log 
linear least squares regression (Eq.2.1), Weibull (Eq.2.2) and Michaelis-Menten (Eq.2.3) height 
model fits based on all trees with known height for the 10HA inventory and the three measurement 
years (2011, 2014, 2017) from the NE-plot.  
Eq. 2.1 
ln(𝐻) = 𝑎 + 𝑏 ∗ (ln(𝐷𝐵𝐻)) 
Eq. 2.2 
𝐻 = 𝑎 ∗ (1 − exp (−(𝐷𝐵𝐻/𝑏)𝑐)) 
Eq. 2.3 
𝐻 = (𝑎 ∗ 𝐷𝐵𝐻)/(𝑏 + 𝐷𝐵𝐻) 
I chose those models for compatibility with biogeographic studies from Ledo et al. (2016) and 
Sullivan et al. (2018) and their performances therein. H denotes tree height, DBH is diameter at 
breast height and a, b and c model parameters to be fitted.  
 








where 𝑑. 𝑓. denotes degrees of freedom of the model, ?̂?𝑖 the model derived height estimate of tree 
𝑖 and 𝑋𝑖 its measured height and model bias calculated as  
Eq. 2.5 
𝐻𝑏𝑖𝑎𝑠 =
∑ ?̂?𝑖 − 𝑋𝑖
𝑛
 
with 𝑛 being the number of trees in the sample.  
To test robustness of model performance over time, models were fitted to all trees from one data 
set (e.g. NE11) and applied to DBH values from the remaining sets (e.g. NE14 and NE17). The 
resulting modelled heights where then compared with the actually measured values of those year 
via RSE (Eq. 2.4) and bias (Eq. 2.5).   
 
2.2.4 AGB-estimation 
To derive AGB, an allometric model (Eq. 2.6) by Chave et al. (2005) was used instead of an updated 
model from 2014 (Chave et al., 2014), as it has been employed at the site by Culmsee et al. (2010) 
in the past.  
Eq. 2.6 
 𝐴𝐺𝐵[𝑘𝑔] = exp (−2.557 + 0.94 ∗ ln(𝜌 ∗ 𝐷𝐵𝐻
2 ∗ 𝐻)) 
 
A mean wood density of ρ = 0.535 g cm-3 was assumed, based on previous studies on the site 
(Culmsee et al., 2010). Using a different model would complicate the calculation of changes in 
AGB since their inventory. Parameterising a localised model would rely on harvesting trees, which 
is impossible in the national park and was therefore not considered. The variability of total AGB 
calculated with this model for the 10HA data and its susceptibility to plot selection was estimated 
using AGB sums of all 64 plots of the inventory to derive a 95 % confidence interval via 
bootstrapping. For AGB of the NE-plot no CI was calculated, as it consists of only one plot. 
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2.2.5 Spatial patterns 
For the analysis of spatial patterns, I used data from the 3 plots surveyed by Culmsee et al. (2010) 
as well as all NE-data from later years. In a first step, I was interested in the relative density of trees 
(events) which can be expressed in a pair-correlation function g(r) with an expectation of g(r) = 1 
in a circle of r meters under complete spatial randomness (CSR), i.e. a point pattern created by a 
Poisson process. A g(r) > 1 indicates clumping while g(r) < 1 indicates regularity in events (Chiu et 
al., 2013; Gavrikov and Stoyan, 1995; Law et al., 2009). In a second step, I looked at competition 
of neighbouring trees based on their DBH. For this, I used Stoyan’s Kmm-function with Kmm(r) = 1 
if DBH of neighbouring trees is independent at scale r,  Kmm(r) < 1 if there is a negative influence 
and Kmm(r) > 1 for positive influence (Chiu et al., 2013; Gavrikov and Stoyan, 1995). For both steps, 
simulation envelopes with a significance level of 0.95 were calculated. It is important to note 
however, that for this analysis of spatial patterns I had to sum up DBH of trunks which shared the 
same rooting system. Otherwise this would automatically lead to assumptions of clumping.  
 
2.2.6 Species specific increment 
I used the 2011, 2014 and 2017 NE-plot data to calculate species specific DBH increment for the 
10 most common species. For all other species, the number of individuals on the NE-plot was too 
low for a meaningful analysis. For each inventory interval I looked at trees of all sizes combined. 
For the 3 species with the most individuals I divided the data sets further into two height classes 
of <20 m and ≥ 20 m respectively. Height classes were chosen instead of DBH classes as it is likely 
that light availability is most important for increment differences when all other parameters are the 
same (King D. A. et al., 2005; Pan et al., 2013; Purves et al., 2008). As a last step, increment was 
standardised to a yearly average. Because of the small sample size, I did not test for significance of 
difference but present the data as observed. 
 
2.2.7 Data analysis tools 
I adopted code from the ‘BIOMASS’ R package (Réjou‐Méchain et al., 2017) to fit the 3 DBH-
height models and to compare their performance. Bootstrapping was done in all cases with the R-
package ‘boot’ (Canty and Ripley, 2017). For the analysis of spatial patterns I used the R-package 






2.3.1 Stand structure over time and space 
The DBH distribution mean of the 2006 study and my 10HA survey did not differ significantly 
(t-test, p=0.22), although there was a greater proportion of small trees in 2006 (Figure 4). For better 
comparability with other forest inventory results, a traditional bar plot showing proportional 
representation of DBH-classes can be seen in Figure 5. BA in 2017 is with 37.86 ± 0.38 m² ha-1 
very similar to the 37.1 ± 0.9 m² ha-1 measured in 2006 (Culmsee et al., 2010). There is also no 
indication that DBH depends on the location of plots inside our survey grid in 2017. Bundled into 
8 transects running East to West and containing 8 plots each, there is no significant difference 
(ANOVA, p=0.54, F=0.853) in mean DBH per transect (Figure 6).  
 
 
Figure 4: Probability density curves of the DBH-distribution 2006 and 2017. Means are not 
significantly different (t-test). The x-axis has been cut off at the maximum of the 2006-data to allow 




Figure 5: Proportion of DBH classes in the 4 data sets. DBH classes are set to 10-20 (1), >20-30 
(2), >30-40 (3), >40-50 (4) and > 60 (5) cm DBH. 
 
Figure 6: There is no significant difference (ANOVA) in mean DBH per transect. 
 
DBH density distributions for the 4 data sets used in comparing height models are shown in Figure 
7. For better comparability with other forest inventory results, a traditional bar plot showing 
proportional representation of DBH-classes can be seen in Figure 8. The NE-Plot shows small 
variations in diameter distribution between 2011 and 2017 with the notable exception of the largest 
trees, of which three fell down between 2014 and 2017. The diameter distribution of the NE-plot 




Figure 7: Probability density-curves of DBH for all 4 data sets. The two largest trees of the 10HA 
inventory have been removed from the calculation for this plot to allow for visual comparison. 
 
 
Figure 8: Proportion of DBH classes in the 4 data sets. DBH classes are set to 10-20 (1), >20-30 
(2), >30-40 (3), >40-50 (4) and > 60 (5) cm DBH.  
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2.3.2 Height model performance 
The Michaelis-Menten model had the lowest RSE in 3 out of 4 cases, when using all available tree 
heights to parametrise the models, while the Weibull model always had the lowest bias (Table 1). 
If the same models are subsequently used to predict tree heights for other years or areas, the 
Michaelis-Menten model performed better in both regards, albeit only by a small margin (Table 2). 
The Log-log model performed much worse (not shown for better readability of the table). 
Table 1: Performance of height models parametrized using all available tree heights per inventory. 
 10HA NE 2011 NE 2014 NE 2017 
Model RSE bias RSE bias RSE bias RSE bias 
Log-log 4.9267 0.0028 3.4471 0.0051 4.9998 0.0058 4.6166 0.006 
Weibull 4.741   -0.0001 3.3078   0.0001 4.6298   0.0001 4.2841   0.0002 
Michaelis-Menten 4.7308   0.0003 3.306   -0.0011 4.6319   0.0012 4.2742   0.001 
 
 
Table 2: Residual standard error (RSE) and bias of Weibull and Michaelis-Menten (M-M) models 
fitted to different inventories (column names) when applied to all height trees of another inventory 
(row names).  
RSE 
 
fitted to: NE11 fitted to: NE14 fitted to: NE17 fitted to: 10HA 
  Weibull M-M Weibull M-M Weibull M-M Weibull M-M 
NE 11  4.12 4.06 4.12 4.09 3.20 3.19 
NE 14 5.12 5.05  4.69 4.70 4.63 4.59 
NE 17 4.80 4.74 4.30 4.30  4.34 4.30 




fitted to: NE11 fitted to: NE14 fitted to: NE17 fitted to: 10HA 
  Weibull M-M Weibull M-M Weibull M-M Weibull M-M 
NE 11  2.12 2.16 2.13 2.18 0.43 0.54 
NE 14 -2.17 -2.16  0.04 0.09 -1.73 -1.61 
NE 17 -2.24 -2.22 0.00 -0.01  -1.76 -1.66 
10HA -0.38 -0.31 1.80 1.62 2.29 2.23  
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2.3.3 AGB at stand level (10HA) 
The sum of AGB in kg of all 155 trees for which height was measured is 195445.8, the mean = 
1269.13, SE = 38.50 and relative standard error 3%. AGB off all 578 trees for which height was 
modelled is 215530.7 kg with a height model uncertainty induced SE = 3119.64 (95% CI of the SE 
2283, 4065). The combined AGB off all 733 trees is 411370.8 kg or 321.38 Mg ha-1. The 95% 
confidence interval estimated from bootstrapped plot sums gives 215.9 and 379.1 Mg ha-1. 
Assuming the relative standard error for trees with measured heights holds for all trees (the chosen 
Weibull model has a bias of only 0.0002) leads to an SE = 9.64. In 2006 AGB was estimated to be 
293.4 Mg ha-1 with a plot based variation ± 13.0 Mg ha-1 (Culmsee et al., 2010). The difference 
between AGB estimated from the 10HA inventory and their data leads to an estimated annual 
increase in AGB of 2.54 Mg ha-1 y-1 at the site. 
2.3.4 AGB at plot level 
AGB at the NE-plot was 309.64 Mg ha-1 in 2011, 346.54 Mg ha-1 in 2014 and 303.93 Mg ha-1 in 
2017 (Table 3). The relative contribution of small trees to total AGB was lowest in 2014 (Figure 
9).  
Table 3: AGB of trees ≥10 cm DBH at the NE-plot 2011-2017. 
Year Mean AGB 
[kg] 





2011 533.60 1132.02 74170.57 309.07 139 
2014 619.61 1258.39 83027.40 345.97 134 





Figure 9: Above-ground biomass distribution of trees inside the NE-plot over time. 
 
2.3.5 Spatial patterns 
As evident in Figure 10, CSR can generally be assumed to be true for all three plots surveyed in 
2006, although there are signs of regularity in both NE- and S-plot. Tree competition based on 
DBH of neighbouring trees is not significant overall with only two significant deviations in the 
W-plot (Figure 11). When looking at changes in spatial patterns at the NE-Plot from 2006 to 2017, 
it is important to point out, that stems of Castanopsis acuminatissima died off, evident in the decrease 
of their accumulated DBH (Figure 12). While it does not lead to a significant deviation of Kmm(r) 
from 1 (Figure 13), it is likely one of the reasons for the apparent decrease in competition. In 2006, 
two significant deviations from CSR towards regularity at close distances can be observed at the 





Figure 10: Point-correlation functions describing the spatial relatedness of trees inside the 3 plots 
from Culmsee et al. Sequence is NE (a), S (b), W (c). Red line represents CSR, black lines observed 






Figure 11: Stoyan’s kmm-functions describing the competition of trees based on DBH 
measurements at certain distances to each other inside the 3 plots from Culmsee et al. Sequence is 
NE (a), S (b), W (c). The red line represents no competition, black lines observed ?̂? at different 
radii, gray area defines the 95% significance level. 
 
 
Figure 12: Tree positions inside the so-called North-East plot established by Culmsee et al. 2006. 




Figure 13: Stoyan’s kmm-functions describing the competition of trees based on DBH 
measurements at certain distances to each other inside the NE plot established by Culmsee et al. 
in 2006 in chronological order a) 2006, b) 2011, c) 2014, d) 2017. The red line represents no 





Figure 14: Point-correlation functions describing the spatial relatedness of trees inside the NE plot 
established by Culmsee et al. in 2006 in chronological order  a) 2006, b) 2011, c) 2014, d) 2017. 
Red line represents CSR, black lines observed ?̂? at different radii, gray area defines the 95% 









2.3.6 Species specific increment 
The percentage of total plot AGB accumulated in the most common species (n ≥ 5) changed in 
parts dramatically from 2011 to 2017. Whereas Castanopsis acuminatissima accounted for ~ 30 % of 
AGB in 2011 and 2014, the death of 4 trees of this species between 2014 and 2017 decreased this 
quota to 13 % (Table 4). Species specific increment for all trees of species with n ≥ 5 individuals 




Table 4: Percentage of total plot AGB per tree species 






Castanopsis acuminatissima (Blume) A.DC. 0.31 0.3 0.13 
Chionanthus polygamus (Roxb.) Kiew 0.02 0.02 0.02 
Elaeocarpus culminicola Warb. 0.04 0.03 0.03 
Elaeocarpus erdinii Coode 0.01 0.02 0.02 
Planchonella firma (Miq.) Dubard 0.1 0.1 0.13 
Platea latifolia Blume 0.06 0.05 0.06 
Porterandia celebica M.S.Zahid 0.01 0.01 0.01 
Santiria apiculata A.W.Benn. var. apiculata 0.17 0.18 0.22 
Streblus glaber (Merr.) Corner ssp. glaber 0.02 0.03 0.03 










Castanopsis acuminatissima (Blume) A.DC. 0.62 0.54 14 
Chionanthus polygamus (Roxb.) Kiew 0.19 0.21 17 
Elaeocarpus culminicola Warb. 0.32 0.26 7 
Elaeocarpus erdinii Coode 0.54 0.2 9 
Planchonella firma (Miq.) Dubard 0.39 0.18 6 
Platea latifolia Blume 0.35 0.18 12 
Porterandia celebica M.S.Zahid 0 0.16 5 
Santiria apiculata A.W.Benn. var. apiculata 0.66 0.85 7 
Streblus glaber (Merr.) Corner ssp. glaber 0.16 0.16 6 









Castanopsis acuminatissima (Blume) A.DC. 0.34 0.96 10 
Chionanthus polygamus (Roxb.) Kiew 0.08 0.27 16 
Elaeocarpus culminicola Warb. 0.28 0.39 7 
Elaeocarpus erdinii Coode 0.44 0.34 7 
Planchonella firma (Miq.) Dubard 0.28 0.62 6 
Platea latifolia Blume 0.3 0.22 12 
Porterandia celebica M.S.Zahid 0.04 0.17 5 
Santiria apiculata A.W.Benn. var. apiculata 0.36 0.26 7 
Streblus glaber (Merr.) Corner ssp. glaber 0.26 0.31 6 













Chionanthus polygamus (Roxb.) Kiew 0.32 0.22 15 
Platea latifolia Blume 0.3 0.18 6 









Chionanthus polygamus (Roxb.) Kiew 0.08 0.29 12 
Platea latifolia Blume 0.16 0.17 5 









Castanopsis acuminatissima (Blume) A.DC. 0.81 0.54 10 
Elaeocarpus erdinii Coode 0.55 0.19 8 
Planchonella firma (Miq.) Dubard 0.41 0.17 5 
Platea latifolia Blume 0.38 0.19 6 
Santiria apiculata A.W.Benn. var. apiculata 1.37 0.92 4 
Streblus glaber (Merr.) Corner ssp. glaber 0.16 0.17 5 













Castanopsis acuminatissima (Blume) A.DC. 0.38 1.05 8 
Elaeocarpus erdinii Coode 0.44 0.34 7 
Planchonella firma (Miq.) Dubard 0.8 0.64 4 
Platea latifolia Blume 0.36 0.24 7 
Santiria apiculata A.W.Benn. var. apiculata 0.38 0.24 6 
Streblus glaber (Merr.) Corner ssp. glaber 0.08 0.22 5 






2.4.1 Height model performance in general 
In terms of height RSE and bias, results for log-log, Michaelis-Menten and Weibull models applied 
to all available tree heights of the NE plot are close to those found by Ledo et al (2016) in Pasoh, 
Malaysia. When the latter two models are fitted to one year of NE-data and subsequently applied 
to different data sets, their accuracy in predicting tree heights is still higher than regional and 
pantropical models tested in Pasoh (Ledo et al., 2016). Locally parameterised Weibull and 
Michaelis-Menten models lead to less height bias than the measurements techniques themselves, if 
a measurement precision similar to Larjavaara and Muller-Landau (2013) is assumed. Also, large 
effects of individual height measurement biases on model performance over time are unlikely, as 
the NE14, NE17 and 10HA inventories were carried out by the same personnel. Especially the 
differences between NE17 and 10HA are unlikely to result from such a bias, as the data for both 
was acquired from March-April 2017. All three locally fitted models have less variability over time 
than regional and climate based models had at a different site (Sullivan et al., 2018). 
 
2.4.2 Structure and biomass 
My BA estimate of 37.86 ± 0.38 m² ha-1 lies well inside the range of 35.4 – 46.5 m² ha-1 measured 
by Culmsee et al. (2010) in four forest stands at different altitudes in Central Sulawesi and very 
close to their estimate of the same site (37.1 ± 0.9 m² ha-1). Hertel et al. (2009) measured a BA of 
40.3±1.6 m² ha-1 on 6 10x10 m plots at 1050 m a.s.l. in a neighbouring valley (Poso) which is still 
within the Lore Lindu national park. Kessler et al. (2005) measured a BA of 108 - 139.7 m² ha-1 in 
a valley close to the Bariri site, but there is no indication where this huge discrepancy could come 
from. Based on literature research, their estimate is extremely high. For a site at similar altitude on 
Mount Kinabalu on the neighbouring island of Borneo, a BA of 36.4 m² ha-1 was reported (Aiba 
and Kitayama, 1999). In South America, BA values in rainforest at similar altitudes are mostly 
between 20 and 40 m² ha-1 (Malizia et al., 2020). For instance, one forest stand in southern Ecuador 
at 1050 m a.s.l. had a BA of 33.6 m² ha-1, while another at 1540 m a.s.l. 27.5 m² ha-1 (Moser et al., 
2011).  
In terms of AGB, the new 320.56±9.64 Mg ha-1 estimate is above the 293.4 ± 13 Mg ha-1 reported 
for the site by Culmsee et al. (2010), indicating a mean increase of 2.54 Mg ha-1 y-1. The difference 
in AGB in combination with the similarity in BA can be explained by the higher proportion (Figure 
4) of trees with small DBH observed in 2006. These are likely to be comparatively short and in 
turn have less AGB.  
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The 6 plots in the Poso valley had an estimated AGB of 285.5±30.3 Mg ha-1 and biomass 
production by stems and branches was estimated as 5.62±0.27 Mg ha-1 y-1 (Hertel et al., 2009). The 
high variability of AGB as well as the higher annual biomass production reported in that study is 
likely due to the limited area surveyed. With 0.06 ha covered, it is even smaller than the NE-plot 
(0.24 ha) at the Bariri site, where substantial changes occurred between each inventory. For 
instance, the sharp decline in my AGB estimate for the NE-plot from 2014 to 2017 can be 
explained by the death of three exceptionally large trees. In 2014, these individuals alone had an 
estimated AGB of 15.7 Mg which amounts to 65.43 Mg ha-1. 
In a wider geographical context, Brown et al. (1993) estimate a mean AGB of 304 Mg ha-1 (CV 
27%) for montane rainforests in insular tropical Asia. The site on Mount Kinabalu mentioned 
above has an AGB of 280 Mg ha-1 (Aiba and Kitayama, 1999; Kitayama and Aiba, 2002). Based on 
5 reports from sites on Borneo, Requena Suarez et al. (2019) estimated a mean AGB change for 
Asian old-growth forests above an altitude of 1000 m a.s.l. of -0.7±3.1 Mg ha-1 y-1. Tropical Atlantic 
moist forests in Brazil showed increased AGB with elevation, with 271.7 Mg ha-1 (95% CI 
(243,311.6)) at the highest site at 1000 m a.s.l. (Alves et al., 2010). Forest inventory results from 
Colombia show an annual AGB increase similar to the Bariri site with 3.79±0.42 Mg ha-1 y-1 at 977 
m a.s.l. and 2.45±0.48 Mg ha-1 y-1 at 1740 m a.s.l., but much lower (189.22±7.96 and 222.22±12.85 
Mg ha-1) total AGB (Peña et al., 2018). At Mount Kilimanjaro, tree biomass in natural forests 
between 1200 and 2000 m a.s.l. is 355.4±89 Mg ha-1 (Ensslin et al., 2015). In Tanzania, forests 
located at nearly the same altitude as Bariri displayed an AGB range from 340 Mg ha-1 to 406.2 Mg 
ha-1 (Marshall et al., 2012).  
2.4.2.1 Species specific increments 
The loss of the aforementioned three large trees is also responsible for the smaller contribution of 
Castanopsis acuminatissima (Blume) A.DC. to the total AGB estimate as all three belonged to that 
species. While the generally small numbers of trees per species and the unequal proportion of large 
to small trees between species limit the usefulness of the species specific increment rates, I 
nevertheless hold it to be valuable information, as such data is scarce. I found one record of 
increment rates of 0.171 ± 0.196 cm y-1 for Castanopsis acuminatissima from a montane rainforest in 
Java (Simbolon, 2001), but no information on any of the other species. The overall smaller 
increment rates between 2014 and 2017 could be due to the strong ENSO event 2015/2016, during 
which I observed the longest time without precipitation (2 weeks) in the sites records and trees 





2.4.3 Spatial patterns 
There are no strong signs for a deviation from CSR or for significant changes from it over time in 
my analysis of point patterns. This result of the spatial patterns analysis is counterintuitive in so 
far, as one would expect more evidence of light competition and therefore clumping in a closed 
forest (Gavrikov and Stoyan, 1995). However, this could be explained by the minimum size of trees 
(DBH ≥ 10 cm) included in this study. A similar argument can be made for the apparent lack of 
significant competition between trees as expressed in DBH of individuals inside a certain range, as 
many seedlings will never reach that stage. Additionally, a diverse forest will comprise species for 
all available niches. This could lead to the masking of other, more species specific patterns. For 
instance, Wiegand et al. (2007) found a cluster structure at different distances for Shorea congestiflora 
in Sri Lanka, possibly due to two different seed dispersal mechanisms. With the limited area and 
number of individuals per species observed in my study, combined with a lack of data on saplings, 
such in-depth analyses are impossible. Additionally, all three plots are situated on terrain with an 




This study indicates that locally parameterised Michaelis-Menten and Weibull models can be used 
to accurately predict tree heights at the site in general as well as in the temporal domain, as long as 
the forest structure stays comparably similar. Overall, BA, total AGB and mean annual AGB 
changes of the forest at the Bariri site presented here fall well within typical ranges for rainforests 
found at this altitude. While spatial patterns do not change significantly over time, DBH 
distributions and therefore AGB changes constantly. On small plots, a few large trees dominate 
the picture and can lead to large deviations from the mean, but over longer periods of time and 










3 Forest density controls soil respiration in a 




Of all ecosystems, forests hold the largest amounts of soil carbon, containing about half of the 
estimated 2344 Gt C stored globally in the top 3 m of soil (Jobbágy and Jackson, 2000). Forest soils 
can therefore have a significant impact on the global carbon cycle by acting as sinks or sources of 
CO2, making it imperative to understand processes like soil respiration (Rs) that influence these 
carbon stocks. Rs data, useful for studying the carbon cycle and calibrating models, is, however, 
rare for tropical forests. Of all Rs rates represented in the soil-respiration-database (SRDB, (Bond-
Lamberty and Thomson, 2014)), only ~ 6 % are from tropical forests. Of these, many studies 
targeting natural rainforests originate from Amazonia with mean annual Rs estimates based on 
infrared gas analyser (IRGA) measurements ranging from 2.6 µmol m-2 s-1 (Chambers et al., 2004) 
to 6.2 µmol m-2 s-1(Sotta et al., 2004). Rs is subject to influences and interactions of a plethora of 
parameters, including climate, vegetation and soil type (Raich and Tufekciogul, 2000) while 
dominating factors differ for contrasting biomes (De Deyn et al., 2008). This is evident in a high 
variability in Rs values even within small geographical regions. For example, three studies conducted 
in the same area of Malaysia (Pasoh) showed quite different results ranging between 2.2 µmol m-2 
s-1 (Adachi et al., 2006), 3.8 µmol m-2 s-1 (Kosugi et al., 2007) and 4.7 µmol m-2 s-1 (Itoh et al., 2010). 
This highlights another problem when dealing with Rs from tropical forests, namely the 
concentration of study sites in certain areas such as Amazonia and associated uncertainty when 
extrapolating these findings to regions differing in e.g. soil type and vegetation composition.  
 
Among the already small group of Rs studies from tropical old-growth rainforests, montane regions 
are poorly represented. I am aware of only two other studies on Rs that took place in montane 
old-growth rainforests of South-East Asia. Hashimoto et al. (2004) reported the highest value of 
Rs from South-East Asia with an estimated annual mean of 6.8 µmol m
-2 s-1 from a montane forest 
in Thailand. Van Straaten et al. (2011) measured annual mean Rs of 3.1 µmol m
-2 s-1 in a forest close 
to my study site at 1050 m. Studies from montane rainforests located in other parts of the world 
cover a wide range of Rs estimates. Zhou et al. (2013) found annual mean rates of 4.4 µmol m
-2 s-1 
on Hainan Island, China whereas Koehler et al. (2009) measured 2.5 µmol m-2 s-1 on their control 
plots in Panama. Measurements at different altitudes in the southern Ecuadorian Andes showed a 
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trend of decreasing Rs rates with increasing elevation (12.9 µmol m
-2 s-1 at 1050 m; 16.7 µmol m-2 s-1 
at 1540 m; 9.02 µmol m-2 s-1 at 1890 m and 3.5 µmol m-2 s-1 at 2380 m as well as 3060 m, (Iost, 
2007), while the opposite was found for average annual daytime fluxes in the Peruvian Andes (4.04 
µmol m-2 s-1 at 1000 m; 4.33 µmol m-2 s-1 at 1500 m; 4.45 µmol m-2 s-1 at 3030 m, difference not 
significant) with night-time values being up to 61% lower (Zimmermann et al., 2010). 
Rs is closely linked to plant functional traits and stand structure (De Deyn et al., 2008). It is therefore 
not surprising that forest structure and density can have an impact on Rs. For temperate regions, a 
positive correlation between mean diameter at breast height (DBH) of trees in certain distances of 
the measurement locations and Rs has been shown (best correlation with trees inside a 4 m radius, 
R²=0.126, (Søe and Buchmann, 2005). Yet again, little data from tropical forests is available. Sotta 
et al. (2004) found no spatial correlation between Rs and plot based basal area (BA) estimates in an 
Amazonian forest, while Bréchet et al. (2011) observed a strong positive correlation between a tree 
diameter derived index, litterfall and root biomass, but only a weak positive link to Rs (R²=0.17) in 
French Guiana. Rubio and Detto (2017) discovered a weak positive connection between BA of 
trees inside a 5 m radius and Rs (R²=0.05) on Barro Colorado Island in Panama while temporal 
variation was mostly controlled by soil moisture (Ms). The geographically closest study of the spatial 
link between Rs, forest structure parameters and density was undertaken in Borneo, Malaysia. Here, 
a strong positive link between Rs spatial variation and mean DBH within a 6 m radius was found 
(R²=0.6) while the positive correlation with maximum DBH and BA in the same distance was 
moderate (R²=0.38, R²=0.37 (Katayama et al., 2009)). However, to my knowledge no study 
considering such effects in montane rainforests has yet been published.  
Effects of soil temperature (Ts) and Ms on Rs in tropical forests vary greatly between sites. Studying 
two different tropical forest sites on Oxisol in the Amazon basin, Davidson et al. (2000) did not 
find a correlation between Rs and Ts, while Sotta et al. (2004) observed a strong, overall positive 
and significant exponential connection (R²=0.6). Regarding Ms effects on Rs, the picture is similarly 
diverse. While it is generally understood that Ms and Ts, and therefore their control over Rs, co-vary 
in temperate regions (Davidson et al., 1998), the relationship is less clear in the tropics. Throughfall 
exclusion experiments in the tropics led to contrasting results ranging from no significant treatment 
differences in Rs (Davidson et al., 2004) between control and treatment plots, to significant 
decreases of Rs (Sotta et al., 2007; van Straaten et al., 2011; Wood et al., 2013) with decreasing Ms. 
In general, controls of Ts and Ms over Rs in tropical forests are as varied as the ecosystems 
subsumed under this term.  
Spatial and temporal heterogeneity of Rs are regulated by Ts, Ms, soil type, topographic position, 
plant cover as well as their interactions. Chambers et al. (2004) found that if month and topography 
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were taken into account, these explained most of the variation in Rs otherwise attributed to changes 
in Ts and Ms. This showed that topographic position influenced Ms while Ts was controlled by the 
season. Sotta et al. (2006) observed the strongest differences of Rs between sand and clay soil and 
attributed it to their respective drought susceptibility while topography played a role in seasonal 
variability but none for the annual average. Whereas the influence of ecosystem seasonality on Rs 
has been studied quite often in the past, diel variations are less well known. This does not reflect 
their importance, as these can be decisive for annual CO2 efflux estimates. Zimmermann et al. 
(2009b) found that night-time Rs is 39% of daily rates in a tropical montane cloud forest in Peru, 
while the importance of measurement time differed between dry and wet season in an Amazonian 
forest (Sotta et al., 2004). Clearly, both temporal and spatial resolution are of interest, but a 
compromise between spatial and temporal resolution of chamber based Rs measurements is 
generally required for practical purposes (Rubio and Detto, 2017). 
 
3.1.1 Objectives and hypothesis 
The two main objectives for this part of my research were: 
- To measure Rs in a montane tropical rainforest in Indonesia and to identify its 
main meteorological drivers. 
- To evaluate the spatial and temporal representativeness of these measurements.  
I hypothesise that Rs at my site is influenced by a combination of abiotic (temperature, moisture 
and radiation) and biotic factors (forest density). Given the small day-to-day variation in abiotic 
factors, I expect them to result mainly in diel variations in Rs whereas biotic factors such as forest 
density are likely to be the main drivers of spatial variability. I define forest density as BA and use 
these terms interchangeably. While being diverse in structure, age and species composition, forest 
cover is uniform in the surrounding landscape and I expected to find similar mean DBH and BA 
at my Rs measurement locations compared to the wider area.  
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3.2 Material & Methods 
3.2.1 Soil characteristics at the study site 
The underlying geological parent material of high grade metapelites was formed during the Upper 
Cretaceous epoch. The overlying soils are heavily weathered, having a low pH (3.8 ± 0.0; 
mean ± SE; n=52; 0-10 cm depth), a very low effective cation exchange capacity (34.5 ± 1.1 
mmolc kg
-1) and a low base saturation (37% ± 2%) (van Straaten, unpublished data). There is an 
accumulation of undecomposed litter (thickness of 9.2 ± 2.1 cm), which varies spatially across the 
study site from 4 cm depth to 12 cm.  
3.2.2 Soil respiration measurements 
Rs was measured with a LI-8100A soil gas flux analyser, LI-8100-103 20 cm survey chamber 
(LI-COR Biosciences, USA) and PVC soil collars. During each measurement, Ts (6000-09TC soil 
temperature probe, OMEGA, USA) and Ms (8100-204 ThetaProbe, Delta-T, UK) were recorded 
at 10 cm depth next to the soil collar. Soil collars were 16 cm in height and inserted into the ground 
to such a depth as was necessary to reach mineral soil one week before measurements started. I 
measured at 22 locations, 18 of which were located 20 m from each other along a transect following 
the main wind direction along a north-south axis and 4 were located 10 m apart near the installed 
EC tower (Figure 15). The set of locations includes canopy gaps as well as dense forest areas. Rs 
was measured for 2 minutes at each location. Including chamber transfer time, one measurement 
cycle including all 22 locations was generally finished within two hours. Northern and southern 
transect parts were always measured as block, starting with the location closest to the tower. Which 





Figure 15: Measurement locations, hut and eddy covariance tower. Sampling design was chosen 
to cover spatial heterogeneity along the main wind direction and measurability during night time. 
 
Measurements campaigns were generally carried out from 05:00 - 07:00 hours ("Dawn"), 
11:00 - 13:00 hours ("Day"), 17:00 - 19:00 hours ("Dusk") and 23:00 - 01:00 hours ("Night") with 
small deviations due to weather and instrument conditions. One campaign was carried out from 
20:00 - 22:00 hours and is only included in the general analysis of the full dataset. Measurements 
could not be taken after longer intervals of heavy rain as those led to an increase in falling branches 
and trees. As rainfall often started in the evening and abated overnight, night-time measurements 
suffered the most from this restriction. As a result, from 1st of April to 28th of April 2017, I 
measured "Dawn" and "Day" 6 times, "Dusk" 5 times and "Night" 3 times.   
 
3.2.3 Meteorological long-term measurements and forest inventory  
A forest inventory following the guidelines of Phillips et al. (2002) was conducted during the same 
time period, covering 10 ha around the tower (chapter 2). At 79 200 m² circular sample plots, 
including all soil respiration measurement locations, DBH and distance from the centre of the plot 
of trees with DBH ≥ 10 cm were measured. From this data, mean DBH and BA were calculated 
for different radii around each measurement location. BA is defined as the stem area calculated 
from DBH, thus representing the area of the plot covered by stems. After the last Rs measurements, 
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I determined the depth of the organic layer (DOL) inside each soil collar. Long-term meteorological 
data such as global radiation (SPN-1, Delta-T, UK), soil moisture at 30 cm depth (Trime-Pico 32, 
IMKO, Germany), soil temperature at 10 cm depths (Friedrichs Co., Germany), air temperature at 
48 m height above the canopy (Friedrichs Co., Germany) and precipitation (Friedrichs Co., 
Germany) originate from the EC tower at the centre of the transect shown in Figure 15. 
 
3.2.4 Data analysis 
3.2.4.1 Soil respiration data 
Rs fluxes were calculated with SoilFluxPro 4.0 (LI-COR Biosciences, USA). All further data 
analysis, statistics and modelling was done in R (R Core Team, 2016), supported by a range of r-
packages (3.2.5). To estimate the influence of location selection and measurement time, I calculated 
95% confidence intervals based on 9999 bootstrap replicates with replacement of mean Rs flux per 
sampling location (n=22, sample size = 21) and campaign (n=21, sample size = 20). Linear 
regressions (LR), multiple linear regressions (MLR), non-linear regressions (NLR) and linear mixed 
effect models (LME) were used to explain Rs dependencies. 
Simple LR models were fitted using all available data (i.e. using all times and locations) with 
variables measured simultaneously and at the same location as Rs (Ts, Ms) or within the same half 
hour period (global radiation). To understand if variability in Rs originates from variability in Ts, a 
LR was fitted to their respective variances per location over all campaigns. LRs were additionally 
used to test for significant correlations between the temporal mean Rs values of all locations and 
BA and mean DBH calculated for 2 to 8 meters radii. LRs were finally also used to detect a possible 
lagged influence of photosynthetic activity from days prior to measurements. For this, I fitted 
regression models to night-time Rs (defined as global radiation < 5 W m
-2) and preceding daily 
global radiation sums for up to seven days.  
MLRs tested for multi-variate models relating temporally averaged Rs (i.e. the mean of each 
location) with BA, DBH, organic layer (OL) depth and mean Ts in the form of 
Eq. 3.1 
𝑅𝑠 = 𝛼 + 𝛽1𝑆 + 𝛽2𝐷𝑂𝐿 + 𝛽3𝑆𝐷𝑂𝐿 
Eq. 3.2 
𝑅𝑠 = 𝛼 + 𝛽1𝑇𝑠 + 𝛽2𝑆 + 𝛽3𝐷𝑂𝐿 + 𝛽4𝑆𝐷𝑂𝐿 
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where S denotes a structural variable, i.e. either BA or DBH. In case of MLRs, selection was based 
on multiple R², Akaike information criterion (AIC) and p-values for each independent variable. 
In terms of NLRs, I tested the dependency of Rs on Ts with an Arrhenius type function and a 
restricted Lloyd & Taylor function (Lloyd and Taylor, 1994). As a measure of predictive power and 
for comparability with the linear model, I calculated a R² from the linear regressions of predicted 
and measured Rs values for the Arrhenius and restricted Lloyd & Taylor functions. 
LMEs are a way to account for persistent underlying effects which might distort a simple linear 
model. LMEs consist of fixed effects which are assumed to have the same effect on all values of 
the dependent variable and random effects which are inherent to subsets of the dependent variable. 
In this case, Rs is the dependent variable, Ts a fixed effect while BA and DOL are random effects. 
Ms as fixed effect and DBH as random effect were discarded due to linear regression results. The 
result of a LME is a different slope for the correlation of the dependent variable with fixed effects 
for each subset of random effects. AIC can still be used for model selection, but the only way to 
check for significance is to perform a series of ANOVAs between the full model and versions of 
the model with each fixed and random effect removed consecutively. For LMEs, all data was 
log-transformed to achieve maximum normality of model residuals. To determine the explanatory 
power of a certain LME, I follow the approach suggested by Nakagawa and Schielzeth (2013), 
quantifying the contribution of model fixed effects via marginal R² (𝑅(𝑚)
2 ) and fixed plus random 




LME models of Rs with BA and DOL as grouping variables (i.e. random effects) and Ts as fixed 
effects were applied for three different scenarios (equations in lme4 R-package syntax): 
Eq. 3.3 
Rs = Ts   + (1|BA) 
(fixed intercept) 
Eq. 3.4  




Eq. 3.5  
Rs = Ts   + (1+Ts|BA) + (1| DOL) 
(variable intercept per level of BA) 
3.2.4.2 Meteorological long-term data and forest inventory data 
As I aimed to extrapolate my findings to other times of the year, the representativeness of 
meteorological conditions measured at the EC-tower during the campaigns was compared to 
meteorological data measured since September 2014. For this, the long-term Ts which sporadically 
contained unrealistic high values, was despiked. T-tests were used to test if the means of those two 
time periods were significantly different for Ts, Ms, air temperature and global radiation. For 
visualisation, point density functions (pdf) were plotted, which show a smoothed frequency 
distribution of data points. The areas below the curves always equal 1. 
For a better extrapolation of results to longer time spans, I also checked if Rs could be modelled 
based on Ts measured in 10 cm depth at the tower. Again I tested a linear, Arrhenius type and a 
restricted Lloyd & Taylor model. As a measure of predictive power and for comparability with the 
linear model, I calculated a R² from the linear regressions of predicted and measured values for the 
Arrhenius and restricted Lloyd & Taylor functions. 
I was also interested in BA and mean DBH at the Rs measurement locations in comparison to the 
surrounding forest, as this gives us a measure for spatial representativeness of our findings. Again 
t-tests were performed and pdf-functions plotted for visualisation. 
 
3.2.5 Data analysis tools 
 
I used the r-packages ‘lme4’ (Bates et al., 2015) for linear mixed effect model; the ‘reco’ function 
of the R-package ‘flux’ (Jurasinski et al., 2014) for non-linear regressions; ‘boot’ (Canty and Ripley, 
2017) for bootstrapping and establishment of confidence intervals; ‘piecewiseSEM’ (Lefcheck, 
2016) to calculate conditional and marginal R²; the R-package ‘oce’ (Kelley and Richards, 2017) for 
despiking; ‘xts’ (Ryan and Ulrich, 2014) and ‘zoo’ (Zeileis and Grothendieck, 2005) for time series 
operations; ‘reshape’ (Wickham, 2007) and ‘plyr’ (Wickham, 2011) for data frame operations; 




3.3.1 Chamber measurement variability 
All Rs measurements combined had a mean of 6.2 µmol m
-2 s-1 with a standard deviation of 
1.84 µmol m-2 s-1. The bootstrap derived 95% confidence interval of the mean for sampling location 
was 5.4 µmol m-2 s-1 and 7.4 µmol m-2 s-1, for measurement date and time 6.0 µmol m-2 s-1 and 6.4 
µmol m-2 s-1. Spatial variability of Rs (CV=136%) was significantly larger than temporal variability 
(CV=60%, Figure 16, Figure 17, Mann-Whitney-U test, p=3.8-12). Rs means of different 
measurement campaigns showed no significant difference (ANOVA, p=0.98, F=0.001).  
 
Figure 16: Average soil respiration in µmol m-2 s-1 per location and time of the day. Data from 21 
measurements campaigns from 1st of April to 28th of April 2017. Number of measurements per 





Figure 17: Probability density curves of inter-location (full line, short tick marks) and intra-location 
standard deviation (dashed line, long tick marks) of measured soil respiration. Inter-location 
variance represents the Rs variability among the individual locations observed in separate 
measurement campaigns, while intra-location variance is Rs variability over time measured at the 
individual locations. 
 
LRs (using data for all times and locations) resulted in Rs having a significant positive linear 
correlation with Ts, but not with Ms, or global radiation (Table 11). However, variances of Ts and 
Rs were not significantly correlated (R²= 0.004, p=0.78). Neither was there a significant correlation 
of spatially and temporally aggregated night time Rs with global radiation sums of preceding days 
(p>0.05). Mean Ts was significantly and positively correlated with mean DBH and BA (e.g. in a 3 
m radius, R²=0.53, p<2-16). Mean Rs was significantly and strongly positively correlated to mean 






Table 11: Correlation of Rs with simultaneously measured Ts, Ms and global radiation across all 
times and locations. Day defined as global radiation > 5 W m-². 
 Soil temperature Soil moisture Global radiation 
 R² p R² p R² p 
All n=461 0.2417 < 2.2-16 0.0001 0.8112 -  
Day n=269 0.2508 < 2.2-16 0.0017 0.502 0.0008 0.6377 
Night n=192 0.2372 9.059-13 0.0007 0.7141 -  
 
Table 12: R2 and respective p-values for correlations between mean Rs (per location using all 
measurement times or during the day with ‘Day’ defined as global radiation > 5 W m-²) with mean 
DBH and BA in different radii around each measurement locations as well as with organic layer 
depth, DOL. All correlations are positive. 
Variable R² (all) p R² (Day) p 
DBH 2m 0.06 0.29 0.04 0.393 
DBH 3m 0.55 <0.005 0.6 <0.005 
DBH 4m 0.08 0.21 0.1 0.15 
DBH 5m 0.03 0.44 0.05 0.316 
DBH 6m 0.05 0.3 0.07 0.223 
DBH 7m 0.00 0.81 0.01 0.68 
DBH 8m 0.00 0.804 0.01 0.73 
BA 2m 0.12 0.122 0.00 0.952 
BA 3m 0.46 <0.005 0.58 <0.005 
BA 4m 0.11 0.132 0.00 0.988 
BA 5m 0.03 0.432 0.03 0.411 
BA 6m 0.07 0.226 0.05 0.304 
BA 7m 0.00 0.997 0.01 0.695 
BA 8m 0.00 0.936 0.00 0.81 
DOL 0.05 0.01 0.02 0.006 
 
MLR models, based on formulas 3.1 and 3.2 (section 2.3), resulted in a stronger and more 
significant fit to the data (Table 13) compared to simple LR models. The best model (lowest AIC) 
explained 69 % of the measured variation and was obtained using soil temperature, BA, DOL and a 




Table 13: Correlation coefficients, p-values and AIC of multiple linear regressions of Rs with DOL, 
Ts and either DBH or BA. The equation used is denoted by the numbers (3.1) and (3.2). 
Model R² p (TS) p (S) p (DOL)
 p 
(S*DOL) 
p (model) AIC 
DBH (3.1) 0.596  0.092 0.151 0.346 < 0.005 75.048 
DBH (3.2) 0.639 0.173 0.076 0.075 0.211 0.001 74.577 
BA (3.1) 0.615  0.008 0.042 0.023 < 0.005 74.031 
BA (3.2) 0.690 0.057 0.009 0.018 0.017 < 0.005 71.218 
 
All NLRs showed a significant (p < 0.05) correlation between Rs and Ts measured at the same time 
and same location. However, differences in R² between LRs and NLRs are extremely small and 
below 0.01. Therefore I only expanded the analysis for the less complex LRs. 
Lastly, I considered LME models as described in section 2.3. All complexity levels are significantly 
different (ANOVA) to their corresponding reduced versions. The multiple linear model using BA 
(MLR, Eq. 3.2), and applied to the log-transformed data, is included for comparison. LME models 
perform considerably better than MLRs (Table 14). Including all variables (Ts, BA, DOL) resulted 
in the best model as indicated by the AIC and R²(c). It is evident, that Ts alone (R²(m)) has a very 
small effect on Rs in LMEs in comparison to the combined model R²(c). 
Table 14: Multiple linear model (MLR) and linear mixed effect model (LME) comparison. 
Class N Marginal R²(m) Conditional R²(c) AIC 
MLR (3.2) 22 0.59  -9.7 
LME (3.3) 460 0.04 0.73 -530.336 
LME (3.4) 460 0.02 0.86 -720.640 
LME (3.5) 460 0.02 0.88 -747.075 
 
3.3.2 Temporal variability of meteorological parameters and forest spatial variability 
Ts measurements at the EC tower varied only slightly over the measurement period while air 
temperature, global radiation and Ms changed more (Figure 18). Global radiation (t = -1.0601, df = 
1400.2, p-value = 0.2893) and Ms (t = 0.066316, df = 1722.2, p-value = 0.9471, Figure 19) were 
not significantly different during this month compared to the long-term meteorological 
measurements from September 2014 to April 2017 while air temperature was on average 1.05 °C 
colder (95% CI 1.18, 0.91, Figure 20) and Ts was 0.28 °C warmer (95% CI 0.26, 0.29, Figure 21). 
Ts and Ms values measured at the same time and location as Rs show greater variability, with TS 
ranging from 18.76 °C to 20.49 °C and Ms from 22.8 [vol%] to 60.2 [vol%]. 
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Rs could not be approximated well based on Ts measured in 10 cm depth at the tower. The tested 
linear, Arrhenius type and a restricted Lloyd & Taylor functions predicted values which were not 
significantly (p > 0.05) correlated with measured Rs values.  
There was no significant difference between the distribution of DBH and consequently BA at the 
22 Rs measurement locations compared to all 79 inventory plots (Figure 22, t = 0.10843, 
df = 41.549, p-value = 0.9142). 
 
Figure 18: From top to bottom a) Soil respiration from n=22 soil collars measured in n=21 
campaigns, outliers have been removed; b) air temperature (line) at 48 m above the ground and soil 
temperature (dots) in 10 cm depth; c) global radiation at 70 m above the ground, d) soil moisture 




Figure 19: Probability density-curves of mean soil moisture [% volume] measured half-hourly in 
30 cm depth at a soil moisture and temperature profile near the EC-tower. The full line represents 
the time from 1st to 28th of April 2017, when des Rs measurements took place and the dashed line 
data from the 1st of September 2014 to the 31st of March 2017 as long-term reference. 
 
 
Figure 20: Diel cycle of mean air temperature [°C] measured half-hourly in 48 m height at the 
EC-tower. The full line represents the time from 1-28 April 2017. The dashed line is based on data 




Figure 21: Probability density-curves of mean soil temperature [°C] measured half-hourly in 10 cm 
depth at a soil moisture and temperature profile near the EC-tower. The full line represents the 
time from 1st to 28th of April 2017 and the dashed line data from the 1st of September 2014 to the 
31st of March 2017. 
 
 
Figure 22: Probability density-curves of BA in an 8 m radius at a) all forest inventory plots (full 
line, short tick marks) and b) Rs measurement locations (dashed line, long tick marks). The forest 
at the Rs measurement locations is nearly identical in distribution of BA to the surrounding 10 ha. 




I was able to establish a robust estimate of Rs for my study site in a remote montane rainforest. My 
estimate of 6.2 ± 1.84 µmol m-2 s-1 is in the upper range for old-growth tropical forest Rs, which 
ranges from 2.64 µmol m-2 s-1  (Davidson et al., 2004) to 6.76 µmol m-2 s-1 (Hashimoto et al., 2004).   
Ms seems to be relatively unimportant for Rs at the site which is quite surprising given results from 
another forests relatively close by, where Ms was the only significant environmental driver on 
control plots and rainfall exclusion led to significant decreases in Rs (van Straaten et al., 2011). I 
can only speculate why that is not the case at this site.  Although I measured after as well as during 
the onset of rainfall, I was not able to detect possible pore space CO2 displacement from heavy 
rain as safety concerns kept us from entering the forest during these times. It is also possible that 
impact of Ms on Rs would appear during phases with significantly less precipitation, like the strong 
ENSO event in 2015-2016. 
As hypothesized, I found an influence of mean DBH and BA on Rs, yet the expected diel variation 
was not detected. I attribute this to the relatively stable Ts which has been shown to control diel 
variations in a montane cloud forest at 3030 m a.s.l. (Zimmermann et al., 2009b) but less so at 1500 
m a.s.l. and 1000 m a.s.l. (Zimmermann et al., 2010). Contribution of litter to total Rs was high in 
other studies (Sotta et al., 2006; Zimmermann et al., 2009b) but linear regression models with DOL 
indicated only a minor role of this variable at the site . I found that only trees closer than 3 m had 
a significant impact on Rs in contrast to a lowland rainforests where correlation was strongest with 
mean DBH inside 6 m radius (Katayama et al., 2009). Studies which found no (Bréchet et al., 2011; 
Sotta et al., 2004) or weak (Rubio and Detto, 2017) correlations generally did not consider BA or 
mean DBH in different radii. If limited to a 2 m radius or less the correlation with mean DBH and 
BA is no longer significant, which I attribute to the increasing numbers of plots where no trees 
with a DBH ≥ 10 cm are present inside this range. Consequently, it is quite likely that plant area 
index derived from hemispheric photography would be an even more accurate estimator as it would 
include smaller trees and other important plant types like rattan.   
 
The observed correlations at the site indicate that forest density exceeds all other influences. While 
Rubio and Detto (2017) found neither an impact of gap fraction nor an effect of Ts on efflux rates, 
my findings show a small dependence of Rs on Ts but a significant and strong relationship between 
mean Ts, mean DBH and BA. Additionally, variances of Ts and Rs measured at the same location 
over all measurement campaigns were not significantly correlated. However, a lagged response of 
Rs to Ts is possible. The dominant role of forest density is furthermore evident in LME models 
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when comparing the low values of R²(m), given by the effect of Ts only, and the higher value of R²(c), 
given by the full model including BA.  
As initially expected, mean DBH and BA close to the EC tower is similar to the surrounding area. 
The weak or lack of response of Rs to the measured ranges of Ts and Ms combined with stable 
climatic conditions indicates a low temporal variation of Rs over the year  (Katayama et al., 2009) 
with possible exceptions during extreme climate conditions and associated higher tree mortality 
(Condit, 1995). The results therefore suggest that my Rs estimate is representative of the wider 




I observed temporally stable Rs over one month and at different times of the day; hypothesised diel 
variations were not detected. Forest density represented by BA was shown to be a strong predictor 
of Rs, while Ts and Ms varied little at the site and had limited to no impact. The similar distribution 
of trees in the surrounding forest compared to my measurement locations, in conjunction with 
average weather conditions during my measurement campaigns, make the observed fluxes a good 
estimate of annual Rs in this area and ecosystem type. With this study, I give the first estimation of 
tree density impacts on Rs in a tropical montane forest, providing a basis for other studies 
















4 Eddy-Covariance based measurements of 
ecosystem CO2 exchange 
 
4.1 Eddy-Covariance technique as an approach to estimate total ecosystem 
carbon exchange with the atmosphere in the tropics 
 
The main challenge in estimating carbon uptake of tropical rainforests is rooted in their immense 
structural and functional diversity. In comparison to forests in temperate regions, CO2 budgets of 
non-tree plants such as epiphytes or lianas have a much higher and even detrimental impact on the 
total ecosystem carbon budget (van der Heijden et al., 2015) and woody stem growth amounts to 
a lower percentage of net primary productivity (Anderson-Teixeira et al., 2016). While forest 
inventory methods developed in temperate regions have been used nevertheless to estimate carbon 
uptake and loss of such forests, they therefore cannot capture the full carbon cycle.  
One method that has emerged as a tool to measure net ecosystem carbon exchange (NEE) is the 
eddy-covariance technique (EC). EC  is a micrometeorological approach and uses the covariance 
of the vertical wind flux with a scalar c while taking into account the air density ?̅?𝑎, to estimate the 
total flux of said scalar (Baldocchi, 2003):  
Eq. 4.1 
𝐹𝑐 = ?̅?𝑎 ∗  𝑤′𝑐′̅̅ ̅̅ ̅̅  
In this equation, w stands for the vertical wind and c for the scalar, while the overbar denotes the 
Reynolds averaging operator and primes the departure from the time average. In order to 
successfully measure net fluxes, the mean vertical wind speed over longer time spans must be zero 
and atmospheric transport must be turbulent. The highest accuracy of measurements is achieved 
when the land surface upwind from an EC-installation is relatively flat (Baldocchi, 2003; Burba and 
Anderson, 2010).  
4.1.1 The night-flux problem 
The most prevalent criticism of net ecosystem exchange (NEE) estimates based on EC is 
uncertainty of night-time fluxes at many sites and the underlying assumption of constant turbulent 
atmospheric mixing by many early studies (Kruijt et al., 2004). As Moncrieff et al. (1996) were first 
to point out, a completely systematic error between day-time and night-time measurements of 
CO2-fluxes would cancel out because of the different signs. However, due to the dependence of 
EC on turbulent atmospheric transport, a biased estimation of the true ecosystem flux is more 
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likely at night when the atmospheric stratification is often stable, especially over tall vegetation and 
sloped terrain (Lee, 1998). Under such conditions, horizontal advective transport can lead to 
vertical entrainment of air with a lower CO2-concentration from above the canopy (Aubinet et al., 
2003).  
Therefore, as perfect conditions are basically never present, a generally accepted simplified  but 
expanded equation (Feigenwinter et al., 2004; Finnigan, 1999; Finnigan et al., 2003) for 
ecosystem-atmosphere net fluxes when incompressibility of air is assumed is given by:  
Eq. 4.2 
𝑁𝐸𝐸 =  𝑤′𝑐′̅̅ ̅̅ ̅̅ (𝑧𝑟) + ∫






















      IV 
Here v, u and w denote longitudinal, lateral and vertical wind velocity components while x, y and z 
stand for the three dimensions in a Cartesian coordinate system. The scalar is given by c, and zr is 
the height of observations. Again overbars denote Reynolds averaging operator and primes 
departures from the time average. Term I is the vertical turbulent flux e.g. the eddy-covariance 
from Eq. 4.1, term II the storage flux below the measurement height, term III the vertical advection 
and term IV the horizontal advection. This equation leaves out horizontal turbulent flux divergence 
and horizontal variation of vertical turbulent fluxes (Feigenwinter et al., 2008) 
While term I would be the only significant flux under perfect conditions, the other terms can 
significantly alter flux estimates under many real-world circumstances. Term II is expected to be 
zero on average over time, as CO2 accumulated in the storage during times without turbulent 
mixing is vented when turbulent atmospheric transport is re-established. Under field conditions, 
the accumulation phase usually starts when unstable atmospheric conditions become stable, as is 
often the case after sunset and the reverse is happening after dawn (van Gorsel et al., 2007). The 
advection terms III and IV become important during night under stable atmospheric conditions, 
especially at sites with sloped terrain or were breezes are present (Aubinet, 2008; Feigenwinter et 
al., 2008). 
A common approach to correct for systematic night-time biases is the usage of a friction velocity 
(u*) threshold, which theoretically discards fluxes measured during times of advective loss, e.g. 
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when term III and IV are significant (Aubinet et al., 2005; Barr et al., 2013; Goulden et al., 1996; 
Gu et al., 2005; Papale et al., 2006). However, above-canopy u* does not indicate all instances of 
horizontal advection (Tóta et al., 2008) and the effect of u* on vertical and horizontal fluxes differs 
between sites (Aubinet et al., 2010). A similar approach using the standard deviation of the vertical 
velocity fluctuation as a threshold has been put forward (Acevedo et al., 2009), but did not lead to 
better results when compared to the standard u* method (Hayek et al., 2018). 
A completely different method to derive night-time fluxes was developed by van Gorsel et al. 
(2007). It extrapolates maximum NEE fluxes measured at the beginning of the night when good 
conditions for EC are still given, to times when such conditions are not met anymore. The 
assumption is, that for those measurements in the early hours after sunset the advection terms III 
and IV (Eq. 4.2) are still negligible and the measurable terms I and II dominate the total flux (van 
Gorsel et al., 2007). The difference in annual NEE estimates based on this approach and the 
traditional u*-threshold method was 5.6±0.5 Mg C ha-1 y-1 at a site in a tall, open wet sclerophyll 
forest in Australia (van Gorsel et al., 2008). When coupled with a temperature dependent response 
function based on soil chamber measurements, night-fluxes derived via this method proved to be 
in good agreement with chamber based respiration measurements, light-response function derived 
estimates and ecosystem model outputs at 25 sites (van Gorsel et al., 2009). 
4.1.1.1 Gap-filling techniques and the night flux problem 
To understand ecosystem carbon processes and for gap-filling, a separation of NEE into its main 
components gross primary productivity (GPP) and respiration (RE) is needed (Reichstein et al., 
2005). There is a wide range of approaches to achieve this. Methods using night-time or day-time 
flux data only as well as both combined have been developed. The standard techniques for flux 
partitioning employed by the FLUXNET community are the night-time data based approach by 
Reichstein et al. (2005) and the day-time data based approach developed by Lasslop et al. (2010) 
(Reichstein et al., 2012). 
Lasslop et al. (2010) proposed a method to derive RE mainly from the intercept of a light-response 
curve. They combined a rectangular hyperbolic light response curve with a Lloyd and Taylor (Lloyd 
and Taylor, 1994) model accounting for temperature dependency and an exponential decrease 
function for conditions with high vapour pressure deficit (VPD) after Körner (1995). While the 
temperature dependency of respiration is still based on night-time data, the rest of the model is 
fitted to day-time data only. Therefore, this approach opens up the possibility to mostly circumvent 
the use of possibly erroneous night-time data by using predominantly less problematic day-time 
data. In such a capacity it has been used successfully to fill data-gaps of an EC site with problematic 
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night-time fluxes in Thuringia, Germany (Rebmann et al., 2010). This method will be referred to 
by the first authors name from here on. 
A frequently used gap-filing approach is the marginal distribution sampling method (MDS) after 
Reichstein et al. (2005), which has been adopted as standard strategy by FLUXNET and shows 
good performance and low bias in comparison with other techniques. It is based on a look-up table 
approach where bins of NEE data are created according to similar meteorological conditions. From 
these bins NEE data for gap-filling is then chosen according to the meteorological conditions when 
the gap occurred (Moffat et al., 2007). RE however is inferred from night-time data only by this 
approach (Reichstein et al., 2005). 
4.1.2 Eddy-covariance measurements in the tropics 
EC-measurements have been deployed with great success in a range of ecosystems around the 
world. However, most sites are situated in the hemispheric North. Of all 856 sites that had been 
registered in 2017 with FLUXNET, the global EC-tower network, 84% were located north of the 
Tropic of Cancer. Of the remaining 138 towers, another 28% are concentrated in Australia. The 
Amazonas basin where 9 EC-towers were operational at some time is also relatively well observed. 
In other tropical regions the amount of measurement sites is far less (Chu et al., 2017; Malhi, 2012). 
While not all existing EC-sites are members of the FLUXNET community for a variety of reasons 
(e.g. high standards, data sharing guidelines), I could not find evidence that this changes the overall 
pattern of distribution.  
NEE estimates of CO2-fluxes measured in a range of old-growth rainforests in the Amazonas basin 
region of Brazil indicate either a strong sink of -2 to -7 Mg C ha-1 y-1 (Aguilos et al., 2018; Andreae 
et al., 2002; Grace et al., 1995; Malhi et al., 1998; Zeri et al., 2014) or a source of 0.4 to 1.3 Mg C 
ha-1 y-1 (Hutyra et al., 2008; Miller et al., 2004; Saleska et al., 2003). The positive (loss of carbon to 
the atmosphere) fluxes were corroborated by consecutive forest biomass inventories at the same 
sites, but the estimated source strength differed (Hutyra et al., 2008; Miller et al., 2004). However, 
measured fluxes can be quite different from year to year and forests change from sinks to sources 
(Hutyra et al., 2008; Zeri et al., 2014).  
Further research in Latin America into NEE of tropical forests with EC-measurements has been 
undertaken in an Amazonian lowland rainforest in French Guiana and a lowland rainforest in Costa 
Rica. The study site in French Guiana has an estimated sink strength of -1.97±0.44 Mg C ha-1 y-1 
during the 6-month long wet season and -7.66±0.55 Mg C ha-1 y-1 during the 4-month of dry season 
while the mean annual flux is -3.35 Mg C ha-1 y-1(Aguilos et al., 2018). This difference is attributed 
to increased solar irradiance and decreased soil respiration during the dry season (Rowland et al., 
2013). For the Costa Rican site, researchers report an NEE of 0.05 to -1.33 Mg C ha-1 y-1 in 
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1998, -1.53 to -3.14 Mg C ha-1 y-1 in 1999 and -5.97 to -7.92 Mg C ha-1 y-1 in 2000. The ranges in 
annual estimates stem from different night-time data treatments while differences between years 
were attributed to El Ninõ – Southern Oscillation (ENSO) effects (Loescher et al., 2003).  
For all these sites, the difference in measured NEE is attributed to a range of factors, such as 
disturbances in the recent past (Hutyra et al., 2008) or ENSO activity (Bonal et al., 2008; Loescher 
et al., 2003; Rowland et al., 2013) but most authors see the uncertainty of night-time fluxes as the 
biggest hindrance for achieving robust and comparable estimates of tropical rainforest carbon 
fluxes based on EC (de Araújo et al., 2010; Hayek et al., 2018; Hutyra et al., 2008; Loescher et al., 
2003; Miller et al., 2004).  
For tropical South-East Asia, EC based NEE estimates are even sparser. There are only two sites 
in undisturbed old-growth rainforests besides the one described here, where NEE has been 
recorded with EC-towers (Kosugi et al., 2007) and both are outside the Wallacea biogeographic 
region where the Bariri site is located. NEE estimates from these sites, both located on Borneo, 
are also subject to problematic night-time data. Without corrections and based upon 1.5 years of 
measurements, the site in Lambir Hills, Malaysia, was an estimated sink of -4.83 Mg C ha-1 y-1. After 
corrections of night-time measurements based on a light-interception curve were applied, it turned 
into a weak source of 0.75 Mg C ha-1 y-1 (Saitoh et al., 2005). The second site, located in Pasoh, 
Malaysia, remained a sink when night-time correction was done using a friction-velocity filter, with 
initial values ranging from -8.2 to -9.5 Mg C ha-1 y-1 and corrected values from -5.8 to -8.0 Mg C 
ha-1 y-1 respectively. However when measured soil respiration was used to approximate 40-60% of 
night-time ecosystem respiration, mean annual NEE fluxes were -3.9 to 2.7 Mg C ha-1 y-1 (Kosugi 
et al., 2008). Other tower measurements in SE-Asia take place at sites where recent human induced 
disturbances such as peat drainage dominate measurements or where strong monsoon effects lead 
to pronounced dry seasons (Hirano et al., 2007, 2012; Huete et al., 2008) and were not considered 
for comparison of fluxes. 
To my knowledge, no further NEE estimates of natural tropical forest ecosystems in SE-Asia based 
on EC-measurements have been reported and the next EC-tower sites in such ecosystems are 
located far away. For instance, a well-researched site in an old-growth tropical seasonal rain forest 
exists at Xishuangbanna in South-Western China, were EC-based measurements and forest 
inventory studies resulted in an estimated sink of -1.19 Mg C ha−1 yr−1  and -3.59 Mg C ha−1 yr−1 
respectively (Tan et al., 2010). A wet tropical evergreen broad leaf forest in North-East Australia 
at an altitude of ~ 700 m a.s.l. and with an aboveground living biomass of about 418.5 Mg ha−1 
(Bradford et al., 2014) had an estimated NEE of -3.2±2.3 Mg C ha−1 yr−1  (Beringer et al., 2016). 
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Based on this extensive literature review, the Bariri tower is the sole EC measurement station 
located in an old-growth montane rainforest worldwide. 
4.1.3 Previous studies of CO2-fluxes in Bariri 
At the Bariri site, the first annual NEE estimate based on EC-measurement from 15th October 
2003 to 15th June 2005 was -9.58 Mg C ha-1 y-1 (Ross, 2007). The sink strength was highest for 
overcast days and lowest under clear skies. For the measurement period from 15th October 2003 
to 15th June 2005 considered in his analysis, Ross had to discard 86.5% of night-time data after data 
quality procedures were applied. This was mostly due to an analysis of measured night-time 
CO2-fluxes’ dependency on u* which led to a u*-threshold of 0.3 m s
-1. However, no vertical 
CO2-concentration profile measurements were carried out for estimating the CO2 storage term. 
Instead the storage term was simulated with a process based 1-D model (Mixfor-SVAT, Olchev et 
al., 2008). Using this model, night-flux losses through advective vertical transport during stable 
atmospheric stratification were estimated to amount to 2.04 Mg C ha-1 y-1. Furthermore, based on 
the results of a 3-D canopy-boundary layer simulation model (Sogachev et al., 2002) Ross 
concluded that fluxes are likely to be influenced by orographic factors (Ross, 2007). 
The above-mentioned Mixfor-SVAT (Soil-Vegetation-Atmosphere-Transport) model was 
developed by Olchev et al. (2008) and parameterised based on measured data to simulate the 
transport processes of energy, H2O and CO2 between the forest and the atmosphere at the Bariri 
site. A comparison of simulated and measured CO2-fluxes at Bariri with a threshold of u* > 0.3 m 
s-1 led to a R² = 0.6 and a R² = 0.66 for data with u* > 0.15 m s-1 (no information on slope and 
intercept or is given in the paper). The contribution of soil respiration to total ecosystem respiration 
reached 20% during day-time and 40% at night, but no clear diel dynamics could be established 
(Olchev et al., 2008).  
Two more recently published studies about forest-atmosphere interactions at the Bariri site 
investigated the effect of ENSO events on CO2 fluxes (Gushchina et al., 2019; Olchev et al., 2015). 
During two moderate Modoki type ENSO events observed between 2003 and 2008, these fluxes 
were sensitive to ENSO patterns, mainly through ENSO impacts on incoming solar radiation. 
ENSO activities led to an increase in GPP via a reduction of cloud cover, but had only a very weak 
correlation with RE and NEE. The weak reaction of RE was attributed to negative temperature 
deviations (Olchev et al., 2015). The strong, conventional ENSO event 2015/2016 in contrast led 
to a decrease in CO2 uptake through increased temperatures and subsequently higher RE 
(Gushchina et al., 2019).  
Olchev et al. (2008) was based on measurements from January 2004 – June 2008 for which the 
u*-threshold was determined as 0.25 m s-1 and, together with other filters, removed 85% of 
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night-time data. As the Mixfor-SVAT model (Olchev et al., 2008) has the advantage to be able to 
estimate fluxes under conditions for which no measured values are available (e.g. rain, insufficient 
turbulence), it was again used to fill gaps. The average annual NEE for this five year period 
indicated a strong sink of -7.82±24 Mg C ha-1 y-1 (Olchev et al., 2015). 
Gushchina et al. (2019) is based on the data discussed in this chapter, with data gaps being filled 
with the Mixfor-SVAT model (Gushchina et al., 2019; Olchev et al., 2008). 
4.1.4 Objectives 
 
- To characterise meteorological conditions, instrument performance and flux 
measurements. 
To establish a general knowledge of the site and the meteorological conditions during the 
full project period from December 2013 to April 2017, an overview of important 
meteorological variables, instrument performance tests, storage flux calculations and 
Eddy-Covariance measurements without gap-filling was needed. The CO2-concentration 
profile in the volume beneath the EC-sensor was measured over a long period for the first 
time. The storage flux calculations based on these measurements are urgently needed to 
understand the CO2-flux at the site and to make carbon budget estimations more reliable. 
Furthermore, the influence of different data filtering strategies on data representation had 
to be investigated. 
 
- To identify the impact of meteorological drivers on Eddy-covariance measurements 
There has been evidence that similar to other tropical forests (Goulden et al., 2004; Kosugi 
et al., 2008; Loescher et al., 2003; Saleska et al., 2003; Yamasoe et al., 2006) the amount of 
solar irradiance (Olchev et al., 2015) and the proportion of diffuse radiation (Ross, 2007) 
play an important role in controlling CO2-fluxes at the Bariri site. These interactions as well 
as influences of air temperature and VPD need to be understood for proper gap-filling and 
to estimate possible effects of climate change at this site. Therefore, further examinations 
of flux-irradiance interactions and a measurement campaign aiming at quantifying canopy 
light transmissivity were undertaken to better understand meteorological drivers of 




- To compare night-time flux estimation approaches and their influence on the 
annual carbon budget of the site 
Finally, the effect of applying different night-time flux estimation methods on annual CO2 
budgets of a montane rainforest will be determined in this chapter. To this end, using the 
standard MDS gap-filling model from Reichstein et al. (2005), which uses night-time 
measurements, will be compared to: 
 The approach developed by Lasslop et al. (2010) which uses a light-response 
curve based on day-time data to estimate RE 
 The strategy proposed by van Gorsel et al. (2007), where night-time fluxes 
are estimated based on maximum fluxes at the beginning of the night 
 A data set where values modelled with Mixfor-SVAT (Olchev et al., 2008) 
replaced all night-time measurements  
The more an ecosystem changes in times when there is a data gap, the higher the uncertainty 
of the gap-filling technique. Therefore, gap-filling techniques have a higher uncertainty 
when data-gaps become large (Papale, 2012). From this perspective a day-time data based 
approach should have a lower uncertainty, if night-time data is filtered out by a higher 
proportion. I therefore hypothesise that all three approaches will lead to more reliable 
estimates than the standard MDS approach. 
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4.2 Material & Methods 
 
4.2.1 Tower instrumentation 
Measurements were undertaken at the 70 m high scaffolding tower mentioned in the site 
description or near its base. Incoming and reflected long-wave radiation was measured with CG1 
pyrgeometers (Kipp&Zonen, Delft, The Netherlands), incoming and reflected solar radiation with 
CM6B pyranometers (Kipp&Zonen, Delft, The Netherlands), both at 48 m. At the same height, 
two PQS 1 PAR quantum sensors (Kipp&Zonen, Delft, The Netherlands) were installed in August 
2014 to quantify incoming and reflected photosynthetically active radiation (PAR). Simultaneously 
a SPN1 (Delta-T Inc., UK) direct/diffuse radiation sensor was added at the top of the tower.  
Air temperature and air humidity were measured at three heights below and four heights above the 
canopy (Friedrichs Co., Germany). Precipitation was measured at the top of the tower by two 
Hellmann type rain gauges (Friedrichs Co., Germany). Soil temperature profiles were measured 
twice in 2, 5, 10, 20, 30 and 50 cm depth, soil humidity in 10 cm depth (Friedrichs Co., Germany). 
In August 2014, an additional two soil profiles with temperature and humidity measurements at 30 
and 60 cm (Trime-Pico 32, IMKO, Germany) were added. Wind speed was measured once below 
and twice above the canopy with cup anemometers (Friedrichs Co., Germany), wind direction with 
a wind wane at 48 m (Friedrichs Co., Germany). 
For EC measurements, three-dimensional wind direction and wind speed were measured with a 
sonic anemometer (USA-1, METEK, Germany), CO2- and H2O-concentration with an open-path 
infrared gas analyser (LI-7500A, Licor Inc., USA), both operating at 10 Hz. To determine 
sub-sensor CO2-storage flux, a CO2-concentration measurement profile was installed with intakes 
at 0.25, 1, 2, 24, 38 and 48 m height. All intakes were connected by 50 m long Teflon tubes to a 
closed-path infrared sensor (LI-820, Licor Inc., USA) at the bottom of the tower. The flow rate 
was set to average 0.9 l/min as the air pump reacted to different charging levels of the batteries 
and the maximum flow rate the LI-820 can safely accommodate is 1 l/min. 
EC data was directly transmitted to a Windows-PC running EddyMeas (Eddysoft, MPI Jena, 
Germany) while all other data was first send to data loggers (Friedrichs Co., Germany) and then 
transferred to the same computer. All power was provided by solar panels and accompanying 




4.2.2 CO2-Profile measurements 
Profile measurements to establish CO2-storage fluxes started in October 2014. Air was sampled by 
the LI-820 for one minute from each of the six intake heights in turn. Initial trials indicated that it 
took about 24 sec. for air from a new intake height to replace air from the previously sampled 
height in the measurement setup. Therefore, CO2-concentrations measured over one minute were 
averaged over 15 second intervals and the first two data points per intake height (first 30 sec.) 
discarded. The remaining data points were averaged over half hourly time steps, corresponding to 
EC time intervals. Each intake height was taken to represent the CO2-concentration of an air 
volume with 1 m depth and width and a height equal to the half way distance to the next intake 
height above and below it. To calculate storage CO2-concentration (Sppm), the concentration 
measured at a certain height was weighted accordingly (Eq. 4.3). This means e.g. that the intake at 
1 m height (h1) represents the air volume from 0.625 to 1.5 m height.   
Eq. 4.3 
𝑆𝑝𝑝𝑚 = 0.013020831 ∗ ℎ0.25 + 0.018229167 ∗ ℎ1 + 0.2395831 ∗ ℎ2 + 0.375
∗ ℎ24 + 0.25 ∗ ℎ38 +  0.104167 ∗ ℎ48 
 
The CO2 flux in and out of the profile volume was then calculated as the difference in concentration 
between two half-hourly means (Sppm_t+1 – Sppm_t) and converted to µmol m
-2 s-1. In October 2015 it 
was discovered that leaks in the tubing contaminated measurements from the two highest levels. 
Previous storage flux estimates were corrected by applying a correction factor based on linear 
correlation between flux derived from the lower four levels and flux derived from all levels during 
times of correct measurements after October 2nd 2015 (R²=0.93). Due to a failure in the LI-820 
light source, there is a complete lack of profile data from August 17th 2016 to September 23rd 2016, 
at which point the instrument was replaced. 
 
4.2.3 Eddy-Covariance measurements 
EC measurements were carried out intermittently from 4th of December 2013 to 28th of April 2017. 
Over time, degrading battery capacities led to power outages especially in the hours before sunrise. 
Redistributing power loads in February 2015 led to a stable performance, but in March 2015 the 
LI-7500A started to fail and could only be replaced six month later due to security concerns. 
Because of this, most in-depth analysis was restricted to the period from May 2016 to April 2017 
(referred to as reference period from here on). 
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4.2.3.1 Eddy-Covariance – raw data processing 
EC data was processed with EddyPro version 6.0.0 (Licor Inc., USA). Fluxes were averaged over 
30 min. To correct for axis tilt, the unbiased planar fit rotation method (Wilczak et al., 2001) was 
employed. Based on Ross (2007), a 25° wind sector was excluded to minimise tower influences. 
Detrending was done via block averaging, fluctuations of density compensated via established 
principles (Burba et al., 2008; Webb et al., 1980). To allow a fine grained selection of data later in 
the process, the 1-9 quality flag scheme was adopted (Foken, 2006). All further processing steps 
were done using default settings, including the calculation of spectra and co-spectra.  
4.2.4 Eddy-Covariance – post processing 
From the EddyPro output, the 5% of data points with the highest variance in H2O and CO2 fluxes 
were removed before any further processing as they typically reflect unrealistic measurements (filter 
1). An additional filter applied to all CO2-flux processing steps was the removal of data points with 
a flux > 50 or < -50 µmol CO2 m
-2 s-1(filter 2). Further filters (filters 3,4,5) applied were a friction 
velocity (u*) threshold filter (see 4.2.4.3) and filters based on CO2 quality flag (QF) values of 6 and 
8 (Foken, 2006) in conjunction with u*-thresholds. While it is generally advised to use high quality 
data with QF 3 or lower to determine fundamental principles (Foken, 2006), this was not feasible 
at the Bariri site, as less than 2% of night time data remained with a QF <= 3, even before a u* 
threshold was applied.  
The impact of filtering steps on the representation of different atmospheric stability classes in the 
full EC data set as well as on the fluxes during the reference period, which included storage 
measurements, were analysed. All further analysis was limited to data remaining after the first two 
filtering steps were applied. The storage flux measured according to 4.2.3 was only included in 
NEE estimations for the reference period. 
4.2.4.1 EC-instrument performance 
To analyse if both LI-7500A infrared gas analysers deployed were performing adequately, one 
spectra and one co-spectra per LI-7500A were selected arbitrarily from the EddyPro output from 
time periods with good measurement conditions and subsequently analysed. For the first IRGA 
data from the 2nd of July 2014, 13:00 was used, for the second the data was recorded on 30th of 
September 2015, 11:00. 
4.2.4.2 Energy balance closure 
Energy balance closure (EBC) is reached, if the available energy at the surface is in equilibrium with 
sensible (H) and latent heat fluxes (LE). It is generally calculated as the proportion of the sum of 









As no measurements of G took place at the site during the project period it has to be calculated 
without. However, due to the low variability observed in soil temperature near the tower base and 
the dense canopy, G is probably very low in any case. Additionally, this calculation was limited to 
the reference period as it was impossible to calibrate H2O measurements of the first LI-7500A. 
After visual inspection of the data it was inferred, that the sensor measuring outgoing radiation 
received light reflected off the tower around noon. This data was therefore removed for this 
analysis. After cleaning the data an EBC-ratio estimate was then calculated from daily sums of 
H+LE as well as Rn measured from 10:31-13:30 to investigate EBC under conditions of high fluxes. 
Additionally, an EBC-ratio was calculated based on the cleaned data for all half-hourly fluxes of 
the reference period. 
4.2.4.3 EC – friction velocity threshold and gap-filling 
A friction velocity (u*) threshold per season was determined to filter out data measured during 
times of insufficient turbulent mixing of the atmosphere. The change-point detection method 
according to Barr et al. (2013) was utilised with  estimates of different robustness via bootstrapping. 
Here the 95% u* value estimate per season (which were defined by the software) was selected to 
filter out data which was measured under insufficiently turbulent conditions. The standard moving 
point method proposed by Papale et al. (2006) could not be used due to insufficient data points at 
night-time. The u* threshold was determined for each level of filtering (4.2.5) separately and results 
are discussed in relation to the original method proposed by Goulden et al. (1996). After 
establishing the u* threshold, data gaps were filled for the reference period according to the MDS 
strategy described by Reichstein et al. (2005).  
4.2.4.4 EC – footprint analysis 
Flux footprints were analysed for the reference period to verify that CO2-fluxes measured at the 
tower came from forest areas only. The input data consists of EddyPro output after filters 1&2 
were applied, but before any gap-filling occurred. Footprints were estimated with the FFPonline 
tool (Kljun et al., 2015) for unstable, neutral and stable conditions as well as for day-time and 




4.2.5 Analysis of meteorological drivers 
As ecosystem productivity has been shown to be mainly driven by photosynthesis at this site, the 
first step in analysing the impact of different meteorological conditions on CO2-absorption was to 
quantify the impact of different irradiance parameters (I). The photosynthesis-irradiance (PI) curve 
was used to explore the predictive power of global radiation and PAR on day-time EC-CO2 fluxes. 
These were used instead of NEE including storage because the storage term is heavily influenced 
by factors independent of plant productivity, such as wind patterns. The following non-linear 
model was fitted to day-time flux values, after filters 1 and 2 were applied and outliers were 
removed: 
Eq. 4.5 
    𝑁𝐸𝐸𝑑𝑎𝑦 =
𝑃𝑚𝑎𝑥∗[𝐼]
(𝐾𝐼+[𝐼])
   
with start parameters   𝑃𝑚𝑎𝑥 = 50; 𝐾𝐼 = 25 
 
Here Pmax stands for the maximum photosynthetic rate at the light intensity I, whereas KI is the half 
saturation constant. Model performance was judged based on R² of the linear regression between 
predicted and measured values. A possible half-hour time-lag between irradiance and flux data due 
to the speed of biophysical processes was investigated by fitting the PI-curve to lagged data. To 
see the effect of different wind conditions on the irradiance-flux relationship, the PI-curve was 
additionally estimated for different bins of the friction velocity u*. This was done for all day-time 
data and for fluxes above an absolute threshold of -25 µmol CO2 m
-2 s-1. The threshold was applied 
as preliminary analysis revealed that the PI-curve fitted to all data did not predict values 
above -21 µmol CO2 m
-2 s-1.   
In a second step, the influence of air temperature, VPD and diffuse radiation on residuals of the 
model fitted to all data was estimated via separate linear, second order polynomial and logistic 
regressions. All of the above was done for the reference period only, to avoid artificial effects due 
to the different infrared gas analysers involved. 
To investigate if a strong effect of diffuse radiation transmissivity of the canopy on NEE exists, 
which had been postulated in a previous study (Ross, 2007), a PAR study campaign was undertaken 
on the forest floor in late September and early October 2015. One PQS 1 PAR quantum sensor 
(Kipp&Zonen, Delft, The Netherlands) was connected to a battery pack and a data logger 
(Friedrichs Co., Germany) to allow for mobility. Measurements were taken along a transect of 36 
points 1 m above ground. Over the course of 8 days, measurements were taken 9 times at each 
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point at varying times of day. Additionally, the sensor was placed at one point for a total of 9 days 
to capture complete diel cycles. PAR measured under the canopy was then compared to mean 
half-hourly PAR measured above the canopy at the same time and correlations with diffuse and 
global radiation as well as CO2-fluxes investigated.  
 
4.2.6 Night-time flux estimation methods 
The effect of different night-time flux estimation methods on night-time data was tested for the 
reference period by using data for which day-time gaps had been filled according to the MDS 
strategy. All other techniques were then applied to estimate night-time flux only. The methods 
compared are night-time data filled by MDS too; night-time flux estimations predominantly based 
on day-time data according to Lasslop et al. (2010); night-time data replacement by a fixed value 
based on mean maximum flux values measured at the beginning of the night (van Gorsel et al., 
2007) and finally night-time fluxes derived from a locally parameterised model (Olchev et al., 2008).  
Night-time data from the Mixfor-SVAT model (Olchev et al., 2008) was provided by Alexander 
Olchev after recalibrating the model with the new soil respiration data presented in chapter 3.  
For the approach described by van Gorsel et al. (2007), the mean maximum night-time flux was 
determined for filters 3-5 separately, with the u* threshold value determined as above. In their 
study, soil respiration was correlated with soil temperature measured at the tower and an equal 
dependency for total respiration was assumed. As soil temperature at Bariri is extremely stable 
(mean = 19.29±0.43 °C in 10 cm depth from September 2014 to April 2017), similar to other 
tropical rainforests (van Gorsel et al., 2009; Hutyra et al., 2007), a constant value was assumed. 
 
4.2.7 Data analysis tools 
‘R’ (R Core Team, 2016) and the ‘R’-packages ‘xts’ (Ryan and Ulrich, 2014) and ‘zoo’ (Zeileis and 
Grothendieck, 2005) for time-series were used for all data processing. Data transformations utilises 
‘R’-packages ‘dplyr’ (Wickham et al., 2019) and ‘utils’ (Bengtsson, 2019). 
The ‘ReddyProc’ (Wutzler et al., 2018) R-package was used to determine a friction velocity (u*) 
threshold per season via the change-point detection method according to Barr et al. (2013), 
including measures of robustness via bootstrapping. The same package was also used to fill gaps 
for the reference period according to the MDS strategy described by Reichstein et al. (2005) and 




4.3 Results and Discussion 
 
4.3.1 Meteorological conditions at the site 
Figure 23 shows an overview of the main meteorological variables aggregated to 30 min intervals, 
from 4th December 2013 to 28th April 2017. Data gaps are results of power outage or, as in the case 
of the largest gap, a consequence of disruption of data storage due to a failure of the central 
computer. 
Mean annual rainfall from January 2014 - January 2017 was 2307 mm and mean annual air 
temperature 20.5 °C. A mean daily air temperature of 20.23 °C with a standard deviation of ±1.01 
and a mean monthly air temperature 20.25±0.82 °C show that air temperature is very stable at the 
site during the considered period. However,  Ross (2007) reports a mean annual air temperature of 
19.1±2.5 °C, indicating a trend of increasing temperature in line with global temperature 
developments. It has to be taken into consideration though that the temperature sensors used in 
Bariri are quite old and the air fans of their housing did not work all the time.  
 
Figure 23: Overview of air temperature a), global radiation b), VPD c) and precipitation d) at the 
study site from December 2013 to April 2017. 
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Mean monthly precipitation is 175±98.24 mm, with the lowest record of 12.2 mm in July 2015 
observed during the strong ENSO event 2015/2016. During the rest of the study period, monthly 
precipitation is always above 50 mm. With 1641 mm, the annual precipitation in 2004 (Ross, 2007)  
was much lower than the mean annual precipitation of 2307 mm observed between January 2014 
and January 2017. A reason for this difference could not be discerned, especially as the strong 
ENSO event 2015/2016 lead to unusually dry conditions during this time, as is apparent in 
precipitation and VPD data. Mean monthly sum of global radiation is 190.46±24.66 W m-2. 
The geographically closest sites on Borneo experienced climatic conditions very different to Bariri. 
At the site in the Lambir Hills national park, situated at only 200 m a.s.l. and described in Saitoh et 
al. (2005), mean annual temperature is 27 °C, mean annual rainfall measured 20 km away 2700 mm 
without much seasonal variations (Kumagai et al., 2004). The Pasoh research site is at an even 
lower altitude of 75 - 150 m a.s.l and therefore unsurprisingly with 26.3±1.2 °C mean daily 
temperature and 24.9±0.5 °C soil temperature in 20 cm depth much warmer than Bariri too, but it 
is drier with 1730 mm mean annual rainfall over a three years period (Kosugi et al., 2008).   
With a mean monthly air temperature of 21.7±2.6 °C the EC-site in North-West Australia is the 
only other EC-site worldwide in a tropical rainforest with in a comparable air temperature, but it 
shows much larger seasonal variations (Fu et al., 2018). Annual rainfall is approximately 1394 mm 
(Kitching et al., 2004) and has a strong seasonal pattern with 61% of annual precipitation occurring 
between January and March (Bradford et al., 2014). 
 
4.3.1.1 Wind system at the site 
The wind system at the study site is characterised by a strong diurnal pattern. While the wind was 
mostly coming from the West during the day (defined by EddyPro based on geographical 
coordinates of the site), the main wind direction during night-time is South-West (Figure 24). With 
few exceptions, wind speed and turbulence and as a result friction velocity (u*) was very low during 
the night (Figure 24, Figure 25). Wind speed is significantly lower (t-test, p < 0.005) during the 
night than during the day. Atmospheric stratification was generally stable during the night, changed 
to turbulent conditions after dawn and returned to stable stratification over the course of the day 
(Figure 25). Overall, stable and turbulent atmospheric conditions were observed in similar 
quantities (Figure 26). 
The same strong diurnal wind and turbulence patterns combined with little changes over the course 
of a year had already been observed at the site in the years 2003-2005. The low wind speeds during 
the night, coupled with stable atmospheric stratification and results from temperature profile 
measurements were seen as evidence for drainage flows (Ross, 2007). Such mechanisms have been 
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observed at multiple sites across the globe and can lead to strong systematic biases in the 
measurement of NEE with the EC method (Aubinet et al., 2005; Sun et al., 2007; Tóta et al., 2008), 
especially in tropical rainforests (Miller et al., 2004; van Gorsel et al., 2007). Further evidence for 
the existence of drainage flows at the Bariri site will be shown and discussed later in this chapter. 
 
Figure 24: Wind direction and wind speed separated into day and night, aggregated from 4th 





Figure 25: Diel cycle of wind speed, friction velocity and atmospheric stability at the site. The grey 





Figure 26: Distribution of stability classes of the mean vertical wind ((z-d)/L is a dimensionless 
parameter) 
 
4.3.2 CO2 – profile measurements 
The CO2-profile measurements confirmed a strong diel pattern in CO2-concentration below the 
EC-sensors. Concentrations were always highest near the forest floor (Level 025) while the lowest 
values were measured inside the bulk of the canopy during the day (Level 24), presumably due to 
photosynthetic activity (Figure 27). The sharp increase of the CO2 concentrations measured at the 
lower three measurement heights in the early morning are likely an effect of increased wind speeds 
at the forest floor, which could disturb an enriched laminar soil boundary layer. It has been shown 
in the past that soil CO2 respiration is positively correlated with wind speeds and increased 
turbulence (Hanson et al., 1993; Le Dantec et al., 1999). A similar pattern of CO2-concentrations 
was observed in an Amazonian rainforest (de Araújo et al., 2008), the decline in storage CO2 
concentrations thereafter is likely due to venting and the start of assimilation (de Araújo et al., 2008; 
Aubinet et al., 2005; Loescher et al., 2003). Enrichment in the early afternoon could be an effect 
of circadian rhythms of canopy gas exchange (Doughty et al., 2006), leading to decreased light-use 
efficiency and photosynthetic inhibition (Goulden et al., 2004; Kosugi et al., 2008). 
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In accordance with atmospheric stability patterns at the site, CO2-storage flux (Figure 28) shows a 
strong efflux (negative) with the onset of turbulent conditions after sunrise which lessens over the 
course of the day and becomes positive after 15:00 on average. The peak of positive storage flux 
e.g. enrichment of CO2 in the profile volume is reached on average at 18:00 and the rate of 
enrichment declines thereafter. Such a decrease in storage flux during the night was also observed 
in conjunction with horizontal advection flows in Amazonia rainforests (Goulden et al., 2006; Tóta 
et al., 2008) and at various other sites around the world suspected of unobserved night-time 
respiration due to advection (Aubinet et al., 2005; van Gorsel et al., 2008).  
 
Figure 27: Diel pattern of CO2 – concentration per measurement level, averaged over all available 
measurements from 2nd October 2015 to 28th April 2017. Level 025 is 0.25 m above the ground, 





Figure 28: Diel pattern of hourly CO2 – storage flux aggregated from 2
nd October 2015 to 28th 
April 2017. The grey area represents the hourly standard deviation, the dotted line zero flux. 
 
4.3.3 Eddy-Covariance measurements 
Eddy-Covariance measurements were performed from 4th December 2013 to 28th April 2017. Many 
gaps were small (< 12 h) and due to power outages or rainfall disturbing the open-path LI-7500. 
The longest gap occurred in 2015, after the first LI-7500A started to show signs of measuring CO2 
incorrectly in March, but could only be replaced in August of the same year. A fingerprint of NEE 
and latent heat (LE) exchange after the second filtering step (4.2.4), but before gap-filling was 




Figure 29: Fingerprint of NEE and latent heat (LE) fluxes observed at the site from 4th of 
December 2013 to 28th of April 2017. 
 
4.3.3.1 EC instrument performance  
Under ideal conditions, spectra of fluctuations of sonic temperature, CO2 and H2O are well 
captured by both infrared gas analysers installed from 2013 to 2017 and follow the theoretic slope 
of -2/3 (Kaimal et al., 1972) closely (Figure 30). The same can be stated for the co-spectrum of 
sonic temperature, CO2 and H2O with the vertical wind where the theoretical slope of -4/3 (Kaimal 




Figure 30: Exemplary spectra of sonic temperature a), CO2 b) and H2O c) measurements 
performed by the first (2013 – 2015) and the second (2015 – 2017, d/e/f) LI-7500A infrared gas 
analyser installed. Dots represent binned averages, red lines the theoretical – 2/3 slope and grey 
lines raw data. 
 
Figure 31: Exemplary co-spectra of sonic temperature a), CO2 b) and H2O c) measurements 
performed by the first (2013 – 2015) and the second (2015 – 2017, d/e/f) LI-7500A infrared gas 
analyser installed at the tower. Dots represent binned averages, red lines the theoretical – 4/3 slope 
and grey lines raw data. 
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4.3.3.2 Energy balance closure at the Bariri site 
Data records from 12:00 were removed from this analysis as light was obviously reflected off the 
tower during the preceding 30 minutes (Figure 32). For Bariri, the EBC ratio is 84% for the cleaned 
midday values (Figure 33). The same EBC is reached, if all half-hourly fluxes of the reference period 
(without further data cleaning) are taken into account (Figure 34). This level of EBC is in line with 
many observations at other flux tower sites with tall vegetation where values around 80% are 
common (Aubinet et al., 1999; Foken, 2008). Besides further, non-obvious influences of light 
reflected off the tower on outgoing radiation measurements, the missing ground heat flux 




Figure 32: Mean daily fluxes of H, LE and Rn during the reference period and before the removal 





Figure 33: Latent and sensible heat flux vs. net radiation, based on midday 30-min values. The 





Figure 34: Latent and sensible heat flux vs. net radiation, based on all 30-min values besides 12:00. 
The blue line is the regression with intercept 0, the dashed line is the 1:1 line 
 
4.3.4 Eddy-Covariance post processing impacts and analysis 
While the amount of data remaining after filters 1 and 2 were applied was nearly the same, applying 
a u*-threshold (filter 3) removed a lot of data. Applying different filtering steps impacted the 
representation of stability classes in data from the whole measurement period (Figure 35) and from 
the reference period (Figure 36) profoundly. It is apparent, that proportionately more data 
measured during stable atmospheric conditions is lost. This effect was much higher for the full 
data set from 2013 – 2017, for which the exclusion of storage flux measurements due to their 




Figure 35: Stability classes remaining in all data from 2013 to 2017 after each filter is applied. The 
fraction is always relative to the total amount of data points after the first filter has been applied. 
 
Figure 36: Stability classes remaining during the reference period after each filter is applied. The 






For the reference period, for which storage flux measurements were included in the flux 
calculations, the mean u*-threshold estimate weighted by season length for data after applying 
filters 1 and 2 is 0.1659 m s-1. The choice of QFs of 8 or 6 as a threshold is also reflected in the 
u*-threshold determined via break point detection. A QF threshold of 8 leads to a slightly lower 
estimated u*-threshold of 0.1617 m s-1, very close to data without QF-filter. However, when only 
data with a QF of 6 or better is accepted, this increases to 0.2363 m s-1.  
A visual inspection of night-time fluxes and canopy storage in relation to u* (Figure 37) gives no 
indication that any of these values guarantees turbulent mixing of the full air volume below the 
EC-system, as storage flux remains unaffected by even high u* values. This is similar to 
observations from Costa Rica (Loescher et al., 2003), however there the EC-flux was linearly 
dependent on u*, which is not the case in Bariri. The u* threshold was introduced as an indicator 
for conditions when turbulent flux dominates transport and terms III and IV in equation 4.2 would 
become irrelevant (see 4.1.1). As such, all approaches to define the u* filter criterion aim to identify 
the level of u* after which storage flux and EC-measurements are independent of u* (Aubinet et 
al., 2005; Barr et al., 2013; Goulden et al., 1996; Gu et al., 2005; Papale et al., 2006). It could be 
argued, that a storage and EC-flux seemingly completely independent from u* is an indication for 
ideal measurement conditions, as night-time respiration as a biological process should not be 
dependent on atmospheric turbulence (Hutyra et al., 2008). This is not supported however by a 
mean night-time NEE of 3.28 µmol m-2 s-1 in comparison to a mean soil respiration of 6.2 µmol 
m-2 s-1 (see chapter 3), as NEE measured by the EC-system should be at least as high as soil 
respiration during the night. 
Therefore, a decoupling of above and below canopy air volume during the night is a more likely 
explanation for the independence of storage fluxes from above-canopy u* at the site. Such 
conditions have been observed in Amazonian rainforests in several studies (Santana et al., 2018, 
2017; Tóta et al., 2008, 2012). Wind profile measurements in multiple Amazonian rainforests 
showed wind speeds in the lower 75% of the canopy below 0.25 m s-1 under near neutral 
atmospheric stability conditions (Santana et al., 2017) and turbulence rarely reaching the lower 50% 
(Santana et al., 2018). Correlations between vertical wind speeds measured at canopy height and 
below the canopy decreased quickly with height at one of those measurement locations and an 
examination of the turbulent kinetic energy budget led the authors to conclude that the lower half 
of the canopy is mainly decoupled from the upper canopy (Santana et al., 2018). This is furthermore 
supported by an ozone mixing study at the same site which concluded that during the night the 
lower 80% of the canopy react to above canopy turbulence changes only within 3.5-6.5 hours and 




Figure 37: Night-time fluxes of canopy storage, eddy-covariance (EC) and both combined (NEE) 
in relation to friction velocity (u*). No clear dependence of storage enrichment on u* is apparent.  
 
A u*threshold was nevertheless applied to the data of the reference period and changed data 
representation profoundly. While filters 1 and 2 already removed 22% of all available half-hour flux 
data, a total of 55.8% of all data points were discarded after setting the u*-threshold. In conjunction 
with a QF of 8 this level stays nearly the same with 55.6%, but with a QF of 6 already 70.8% are 
lost. Especially night-time data is affected. For the same filtering steps as above, the remaining 
data-points amount to a mere 18.9%, 19.8% and 6.4% of originally measured half-hour night-time 
intervals. This comes not as a surprise, as a u*-threshold of 0.3 m s-1 applied to data from 2003 to 
2005 lead to 13.5% remaining night-time data (Ross, 2007). While this information is very 
interesting to evaluate the robustness of night-time flux estimations, as it gives an indication as to 
how uncommon good condition for measurements are and thus on how little data gap-filling is 
based, it is rarely published. The only tropical site for which it could be found was French Guiana, 
where 37.7% of night-time data remained after quality checks and a u* threshold of 0.15 m s-1 were 





4.3.4.1 NEE flux footprint 
The flux footprint at our site is as expected dependent on atmospheric stability (Figure 38). As 
stability is closely related to time of the day (Figure 25), this leads to very different footprint areas 
for day- and night-time NEE (Figure 39). Under stable atmospheric conditions, a small patch of 
grassland lies inside the footprint area, but represents only a fraction of the total area, which is 
otherwise covered by forest (Figure 38 a). As recommendations range from a minimum of 70% of 
the fluxes originating from the target ecosystem (Mauder et al., 2013) to 80% to 95% for 
representative measurements (Göckede et al., 2007), our site is very well situated to examine NEE 
of the surrounding forest based on EC-measurements. 
 
Figure 38: Eddy-covariance footprint area during the reference period for a) (z-d)/L > 0.2,        b) 






Figure 39: Eddy-covariance footprint area for a) night-time (global radiation < 10 W m-1) and b) 
day-time during the reference period. Red lines delineate 10 to 90% of footprint area in 10% steps. 
 
4.3.5 Meteorological drivers of EC-derived NEE 
The PI-curve of day-time EC-CO2 flux was significant (p < 0.005) for both global radiation (R² = 
0.38, Figure 40) and PAR (R² = 0.35). A time-lag of half an hour decreased the correlation with 
global radiation to R² = 0.3 and was not investigated further. Dividing the data into morning (06:30 
until 11:30) and afternoon improved the fit only slightly for morning hours (global radiation R² = 
0.4, PAR R² = 0.38), but not for fluxes in the afternoon.  
At one of the EC-tower sites in Borneo, the fit of the PI-curve with solar radiation was R² = 
0.56-0.57, depending on soil water content (Saitoh et al., 2005) and a similar impact of global 
radiation on NEE (R² = 0.56) was found in a principal component analysis of a generalised additive 
model during wet seasons for the rainforest in French Guiana (Aguilos et al., 2018). For PAR an 
R² = 0.48 (Goulden et al., 2004) was reported for an Amazonian rainforest and 51% of NEE 




Figure 40: Fit of the photosynthesis-irradiance curve (red) between NEE based on EC 
measurements and global radiation, R² = 0.38. 
 
The shape of the PI-curves estimated for our site closely resembles NEE-radiation relationships 
found at other tropical rainforest sites, but there is a clear difference in the intercept value. Where 
the intercept found in this analysis is -0.4, it is positive in all other studies (Goulden et al., 2004; 
Kosugi et al., 2008; Loescher et al., 2003; Saleska et al., 2003). As a positive intercept indicates that 
NEE is dominated by RE at zero radiation input, as it is to be expected, the light curve found for 
this site can only be used when examining relative but not absolute changes in NEE. 
Fitting the PI-curve to all day-time global radiation and flux data binned according to u* ranges 
revealed a much higher correlation at lower wind speeds (Table 15, Figure 41). When the input 
data was filtered according to a –25 µmol CO2 m
-2 s-1 flux limit, the correlations were relatively 
similar regardless of u* (Table 15). The overall fit without binning increased for the filtered data to 
R²=0.42, but the negative intercept remained. 
The differences between u*-bin PI-curve fits with and without threshold suggests that there is a 
decoupling of photosynthetic activity and simultaneously measured CO2-fluxes, especially for high 
wind speeds. Atmospheric eddies seldom reached deeper than half of the canopy height in an 
Amazonian rainforest (Santana et al., 2018). If that is similarly the case in Bariri, it could explain 
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the low overall explanatory strength of the PI-curve as well as the connection between u*, flux 
threshold and the fit of the PI-curve for different wind speeds. 
Table 15 Correlation of EC-CO2-fluxes predicted by the PI-function with measured values. Flux 
limit set to – 25 µmol CO2 m
-2 s-1.  
u*-bin R² 
 no limit flux limit 
(0,0.2] 0.33 0.32 
(0.2,0.3] 0.31 0.32 
(0.3,0.4] 0.23 0.28 
(0.4,0.5] 0.2 0.26 
(0.5,1] 0.26 0.31 




Figure 41: Measured day-time CO2-fluxes versus fluxes predicted by the PI-curve, binned 




The correlations of meteorological parameters with the residuals of the PI-curve are quite similar 
for global radiation and PAR. While air temperature, diffuse radiation and VPD are all significantly 
(p < 0.005) correlated in some form, their respective impacts are extremely uneven. Negative 
correlation in this context means, that CO2-uptake increases with an increase in the variable. For 
residuals of the global radiation model, simple linear and logistics regression of air temperature and 
VPD have a positive correlation, diffuse radiation is negatively correlated. For the PAR model, 
both air temperature and diffuse radiation are negatively correlated. However, all besides diffuse 
radiation have a negligible explanatory power in both cases (Table 16).   
The positive impact of increased diffuse radiation on CO2-uptake has been observed before at this 
site (Ross, 2007) as well as in many different ecosystems from forests to grasslands and wheat fields 
(Gu et al., 2002; Law et al., 2002; Min and Wang, 2008; Yamasoe et al., 2006). For temperate and 
tropical forests it has been shown that this positive effect of increased diffuse radiation fraction of 
total radiation has an optimum at a certain level of cloud cover or aerosol layer depth, after which 
CO2-uptake declines again due to the limited amount of total radiation reaching the forest (Min 
and Wang, 2008; Yamasoe et al., 2006). 
 
Table 16 Performance of regression models describing the correlation between meteorological 
parameters and residuals of the PI-curve prediction versus measured EC values. Non-significant 
models are marked by “n-s”. 
Meteorological variable and model R² 
 
Global radiation PAR 
Air temperature simple linear n-s 0.002 
Air temperature second order polynomial 0.02 0.02 
Air temperature logistic n-s 0.003 
Diffuse radiation simple linear 0.11 0.11 
Diffuse radiation second order polynomial n-s n-s 
Diffuse radiation logistic 0.08 0.08 
VPD simple linear 0.001 n-s 







4.3.5.1 PAR canopy transmission 
Photosynthetically active radiation (PAR) transmission was significantly and negatively correlated 
with diffuse radiation fraction of global radiation for the fixed-point measurements (p < 0.005, 
R²=0.18). While the trend was still the same for the 36-points aggregate, it was not significant 
(p=0.8, R²=0.09). This could indicate an increased uptake of radiation by the canopy under cloudy 
conditions, but needs further investigation. If such an increased radiation uptake is present 
however, it could explain the impact diffuse radiation has on the residuals of the PI curve in so far, 
that a high percentage of diffuse radiation leads to more efficient photosynthetic exploitation of 
total incoming radiation. Higher degrees of PAR interception have been linked to higher levels of 
carbon allocation in other forest ecosystems (McCrady and Jokela, 1998) and very little incoming 
PAR was measured at the forest floor relative to incoming PAR measured above the canopy (1 % 
at the fixed point, 3.3% averaged over all 36 measurement points, see Figure 42). Similar results 
have been obtained in the Pasoh rainforest in Malaysia, where a uniform vertical leaf area density 
resulted in a steady decline of available PAR with decreasing height (Kosugi et al., 2012). This is 
not surprising, as PAR interception increases with canopy structure complexity (Atkins et al., 2018), 
which should be high in the species rich tropical montane rainforests of Sulawesi (Brambach et al., 
2017). A shortcoming of the campaign presented here is however, that global radiation was not 
measured simultaneously next to the PAR sensor. Therefore, impacts of rays of sunshine piercing 
the canopy and directly hitting the PAR sensor, which are most likely to cause the peaks in Figure 
42, are impossible to disentangle from the data.  
 
Figure 42 Diel pattern of percentage of PAR transmission relative to PAR above the canopy. 
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4.3.6 Eddy-Covariance night-time flux estimation results 
The four different night-time flux estimation approaches (Table 17) in conjunction with different 
levels of filtering led to a wide range in cumulative NEE (Figure 43) and therefore total NEE for 
the reference period (Table 18). The large range in annual NEE-sums resulting from the four 
night-time flux estimation methods is reflected in the estimates of mean night-time NEE (Table 
17, Figure 44). It is also important to note, that the mean standard deviation of data points 
considered for night-time gap-filling for the MDS approach and the Lasslop method show an 
especially pronounced variability of the former (±12.1 µmol m-2 s-1 MDS and ±3.21 
µmol m-2 s-1 Lasslop after filters 1-3, ±12.14 µmol m-2 s-1 and ±3.35 µmol m-2 s-1 with QF8 
additionally applied and finally ±12.38 µmol m-2 s-1 as well as ±2.95 µmol m-2 s-1 with QF6 added). 
In a global evaluation, the Lasslop model has been shown to have the largest deviations in 
evergreen broadleaf forests like Bariri in comparison to other ecosystems  (Lasslop et al., 2010).  
Night-time flux estimation using the methods from Reichstein et al. (2005) (MDS) and Lasslop et 
al. (2010) results in mean night-time respiration estimates beneath the level of soil respiration alone 
(6.2 ± 1.8 µmol m-2 s-1 , see chapter 3), regardless of the selection of QF filters. If a QF threshold 
is applied, the Lasslop et al. approach estimates an even lower night-time respiration (Table 17, 
Figure 44). The values obtained for night-time respiration according to van Gorsel et al. (2007) 
increase with the u*-threshold estimate and is always above soil respiration levels (Table 17). 
Mixfor-SVAT has been parameterised with soil and leaf respiration data from the site and total 
night-time respiration is therefore always above soil respiration levels.  
The mean nocturnal fluxes resulting from the first two approaches are extremely low, while the 
van Gorsel approach and the Mixfor-SVAT model lead to estimates comparatively close to values 
reported from other sites. For an Amazonian lowland rainforest near Manaus, mean night-time 
values of 7.8 µmol m-2 s-1 based on soil, stem and leaf respiration measurements and 8.4 µmol m-2 s-1  
from EC measurements under sustained high turbulence conditions were reported, although soil 
respiration at the site was only 3.2 µmol m-2 s-1 (Chambers et al., 2004). If we were to simply assume 
the same amount of stem and leaf respiration, but retaining the locally measured soil respiration 








Table 17 Mean night-time CO2-fluxes and their standard deviations for different night-time flux 
estimation methods and filtering strategies. The van Gorsel approach has no SD as it is a constant 
value. Soil respiration based on chamber measurements is of 6.2±1.84 µmol m-2 s-1. 
Night-time flux estimation 
method 
Filter 1-3 Filter 1-3 and QF 
8 
Filter 1-3 and QF 
6 
 
µmol m-2 s-1 
Reichstein et al. (2005)(MDS) 4.38 ± 5.16 4.23 ± 5.13 5.88 ± 4.5 
Lasslop et al. (2010) 4.96 ± 2.8 4.46 ± 2.6 4.79 ± 2.65 
van Gorsel et al. (2007) 7.08 ± 0 6.83 ± 0 7.26 ± 0 






Figure 43: Cumulative NEE over time in Mg C ha-1 for the reference period from May 2016 to 
April 2017. Filtering has little effect on overall tendencies of night-time estimation strategies. 
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Table 18 Sum of NEE for the reference period per night-time flux estimation method applied and 
with different filters in place. 




Filter 1-3 and QF 
8 
Filter 1-3 and QF 
6 
 
Mg ha-1 y-1 
Reichstein et al. (2005)(MDS) -13.13 -13.6 -11.35 
Lasslop et al. (2010) -11.41 -13.13 -13.48 
van Gorsel et al. (2007) -7.84 -8.48 -8.64 








Figure 44: Mean diel NEE in µmol m-2 s-1 with QF 8 & QF 6 threshold applied. The MDS and 






At another well studied Amazonian site, nocturnal flux estimations were measured via EC as 6-7 
µmol m-2 s-1 (Goulden et al., 2004), but evidence for advection losses was discovered later on 
(Goulden et al., 2006). Night-time fluxes from a site situated only a few kilometres away from theirs 
are 8.6±0.1  µmol m-2 s-1 based on EC and storage measurements, 7.9±0.8 µmol m-2 s-1 from using 
a Radon-222 tracer and 7.6 µmol m-2 s-1 when combining chamber based measurements and coarse 
wood debris surveys (Hutyra et al., 2008). 
From the site in French Guiana, night-time fluxes have not been published separately, but annual 
RE of the forest is highly variable while being always below GPP (Aguilos et al., 2018). Based on 
these annual RE values, minimum half-hourly fluxes are 8 µmol m-2 s-1 and maximum 10.4 
µmol m-2 s-1. The Costa Rican site has a mean nocturnal NEE of 4.82±0.6 µmol m-2 s-1 without a 
u* filter and 7.05 µmol m-2 s-1 with a u* > 0.4 m s-1 threshold (Loescher et al., 2003).  
It could be argued, that these sites have higher RE than Bariri because of a higher mean annual 
temperature. The only other EC-tower site in an evergreen tropical rainforest with a comparable 
temperature level, located in North-East Australia, has also a relatively low RE. Based on mean 
annual RE (Beringer et al., 2016), a mean respiration rate of 5.44±1 µmol m-2 s-1 can be assumed 
for the site. However, this site has the lowest annual RE and GPP rates in a comparison study of 
13 EC-tower sites in tropical rainforests around the globe (Fu et al., 2018), resulting in a net sink 
of -3.2±2.3 Mg C ha−1 yr−1 (Beringer et al., 2016). This is not only way below the annual carbon 
budgets resulting from the MDS and Lasslop approaches’ night-time estimates for Bariri, but a RE 
below soil respiration (see chapter 3) has to be rejected regardless of temperature effects.   
For the geographically closest sites in Borneo, estimates of nocturnal fluxes are only available for 
Pasoh. There, soil chamber respiration measurements show a night-time soil efflux of 3.8±0.4 µmol 
CO2 m
-2 s-1 and NEE based on EC and storage measurements after u* filtering of 4.7±0.2 µmol 
m-2 s-1. Considering additional stem and leaf respiration, the authors suggest a gross 
underestimation of nocturnal CO2 fluxes at the site (Kosugi et al., 2008). The night-time 
measurements at the second Borneo site in intact rainforest, Lambir Hills, would lead to an annual 
carbon budget of -4.83 Mg C ha-1 y-1, but were assumed to be faulty and were not published by the 
authors. Instead they used the intercept of a light response curve to estimate nocturnal NEE, akin 
to the method proposed by Lasslop et al. (2010), leading to an annual budget of 0.75 Mg C ha-1 y-1 
(Saitoh et al., 2005). 
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4.3.6.1 MDS and Lasslop approach 
That the MDS approach leads to an underestimation of nocturnal fluxes is no surprise as it is 
dependent on the quality of the existing night-time data and there are a number of problems with 
that data in the case of the Bariri site. First of all, the usual argument for a certain u* threshold to 
filter out faulty data, is not supported by the measurements as there is no connection between u*, 
storage flux and EC-measurements during the night (see 4.3.4). Secondly, as less than 20% of 
night-time data remains after an u* threshold had been set via the change point detection method 
(Barr et al., 2013), these can certainly not be seen as representing the majority of nights (Kruijt et 
al., 2004). Yet as they are the only remaining data points, they are nevertheless used to fill all 
night-time gaps, leading to the high mean standard deviation of data considered for each gap 
(±12.1-12.38 µmol m-2 s-1 depending on QF). A similar discarding of night-time fluxes for low u* 
values lead to an uncertainty between 2 and 8 Mg C ha-1 y-1 for annual sums at an Amazonian site 
(Kruijt et al., 2004).   
While the Lasslop approach mostly circumvents the use of problematic night-time data to separate 
NEE into gross primary production and RE, the resulting night-time fluxes are nevertheless 
unrealistic as they fail to predict mean fluxes above the level of soil respiration (see chapter 3). One 
error source might be the temperature sensitivity of RE which is still estimated from night-time 
data (Lasslop et al., 2010; Wutzler et al., 2018) and is thus affected by the general problems of such 
data at the Bariri site. Another indication comes from the photosynthetic-irradiance curve (see 
4.3.5) showing negative NEE (e.g. uptake of CO2) at zero incoming radiation and limited 
explanatory power compared to other study sites. Additionally, the Lasslop approach uses VPD to 
account for the depression in NEE in the afternoon. Due to the bad security situation at the site 
during most of 2016, no H2O-calibrations were carried out during that time and VPD derived from 
the LI-7500 might be incorrect. 
Interestingly though, the Bariri site is not the only rainforest where such a mismatch exists. In their 
global evaluation of the approach, Lasslop et al. (2010) found that for a site in the Amazonian 
rainforest (named BR-MA2 in their paper, the only rainforest in the comparison), modelled NEE 
did not follow measured patterns and NEE vs. model drivers behaved quite differently than at the 
other sites. That site is located on a plateau and it has been shown that storage CO2 accumulates in 
the surrounding valleys, most likely through lateral drainage flows (de Araújo et al., 2010, 2008). 
Additionally, storage profile CO2-concentrations there show a similar diurnal pattern as the Bariri 
site (de Araújo et al., 2008). They observed a strong efflux of CO2 after calm nights (de Araújo et 
al., 2002), which the Lasslop model could not replicate. Overall, mean annual bias between 
modelled and observed data is highest for the rainforest site (Lasslop et al., 2010). While no clear 
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answer for the underestimation of night-time RE at the Bariri site by the Lasslop approach can be 
determined with the data at hand, the most likely error source are again flux losses from drainage 
flows. According to Lasslop et al. (2010), problems originating from the complexity of a site need 
to be resolved before the model can be successfully used.    
4.3.6.2 Van Gorsel approach  
In comparison to the MDS and Lasslop approach, the strategy proposed by van Gorsel et al. (2007) 
yields with 6.83 to 7.26 µmol m-2 s-1 (depending on filters, see Table 17) a nocturnal flux estimate 
above soil respiration at the site and an estimate much closer to the values reported from other 
tropical sites. Nevertheless, the resulting annual budgets (Table 18) are still above nearly every other 
rainforest NEE budget reported so far. The only budgets of this magnitude are estimates for dry 
season uptake in French Guiana of -7.66±0.55 Mg C ha-1 y-1 (Rowland et al., 2013) and an 
exceptionally productive year at the Costa Rican site with -5.97 to -7.92 Mg C ha-1 y-1 (Loescher et 
al., 2003).  
The best way to validate the nocturnal flux estimates would be comprehensive and independent 
RE measurements from all relevant sources. Unfortunately, only limited leaf gas exchange rates of 
5 tree species measured during the day are available for Bariri. Based on these measurements, a 
mean foliage respiration of 3.1±0.1 µmol m-2 s-1 was estimated with the MAESTRA forest canopy 
model (Rakkibu, 2008). Considering the estimated LAI of 7.2 m² m-2 at the site, this is comparable 
to leaf respiration estimates from the Amazon where an average of 2.6 µmol m-2 s-1 was calculated 
for a forest with an LAI of 4.2 m² m-2 (Chambers et al., 2004). There, however, respiration rates 
ranged between 1.6 µmol m-2 s-1 and 3.5 µmol m-2 s-1, with lower values during the night, which was 
attributed to lower leaf temperature. If based on these values a night-time foliage respiration of 
~ 2 µmol m-2 s-1 is assumed for Bariri and the additional respiration from stems considered, even 
the van Gorsel approach does not yield a high enough night-time RE.  
A proper interpretation of the results is additionally inhibited by a lack of comparable studies using 
the van Gorsel approach. The only time the method was tested for RE estimates of a rainforest 
site was in the aforementioned global comparison study. However, no results were reported 
because no temperature dependency could be determined for nocturnal respiration due to stable 
night-time temperature (van Gorsel et al., 2009).  
The most likely explanation for the low RE estimate is insufficient mixing of the sub-canopy air 
volume. For instance, at one Amazonian site, EC-flux + storage flux did not reach the level of 
ecosystem respiration in the early evening determined via a range of independent measurements 
(Hutyra et al., 2007), if advection was not accounted for (Tóta et al., 2008). Consequently this would 
have led to an underestimation by the van Gorsel approach. Based on CO2-profil measurements 
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(4.3.2), the existence of a thin stable soil boundary layer close to the ground where CO2-enrichment 
starts around noon and which is not adequately represented by the storage flux is not unlikely. 
Wind velocities and turbulence close to zero near the ground have been observed at many 
rainforest sites (Santana et al., 2018, 2017; Santos et al., 2016; Tóta et al., 2008). While no definitive 
reason can be given for the underestimation of RE by the van Gorsel approach, it is nevertheless 
clearly the best strategy based on EC and storage measurements to account for missing CO2-fluxes 
at the site. 
 
4.3.6.3 Mixfor-SVAT model results 
As the Mixfor-SVAT model estimates RE based on locally measured stand parameters, biological 
properties such as leaf, stem and soil respiration and meteorological conditions (Olchev et al., 
2008), underestimation due to nocturnal advective transport can be avoided. Modelled night time 
respiration is 9.01 ± 1.47 µmol m-2 s-1. This leads to an annual NEE estimate which is with -4.07 
to -5.29 Mg ha-1 y-1 still in the upper range of values reported from lowland rainforests, at the edge 
of the pantropical average NEE of -4.1 Mg ha-1 y-1 estimated by Luyssaert et al. (2007) and well 
above the pantropical average of -1.85±0.69 Mg ha-1 y-1 compiled by Anderson-Teixeira et al. 
(2016). However, there is a range of possible explanations for a strong sink at the site (see section 







Despite difficult conditions, NEE and meteorological variables were successfully measured over 
more than three site years. While the installation of a CO2-concentration measurement profile and 
consecutive calculation of the sub-sensor storage flux was not enough to resolve the problem of 
an overestimation of the carbon sink strength at the Bariri site, it lead to an improved understanding 
of flux dynamics and further evidence for advective losses. 
Although the explanatory power of solar irradiance is unusually low at this site, the positive 
influence of diffuse radiation on carbon uptake has been confirmed. Furthermore, effects of air 
temperature and VPD on NEE were investigated and revealed to be negligible. 
There is ample evidence for an underestimation of fluxes during calm nights at the Bariri EC-tower 
site and standard approaches to correct for such fail, leading to an overestimation of the carbon 
sink. The more unconventional approach using mean maximum NEE after sunset to replace 
night-time data improved the annual budget estimate, yet NEE still remained below comparable 
estimates from around the globe. This is markedly different when employing modelled nocturnal 
RE fluxes. While more chamber based measurements are certainly needed to calibrate and validate 
the Mixfor-SVAT model properly, the estimated annual uptake of -4.07 to -5.29 Mg C ha-1 y-1 can 



















The dissertation “Carbon Fluxes and Pools in a Montane Rainforest in Sulawesi, Indonesia” 
addresses questions concerning the CO2-cycle of a montane rainforest from three different 
perspectives. With forest inventory techniques, changes in aboveground woody biomass (AGB) 
were studied over the years; Soil chamber measurements provided crucial insights into 
characteristics and dynamics of soil CO2 respiration; and last but not least Eddy-Covariance (EC) 
measurements were used to estimate the net ecosystem exchange (NEE) of the whole ecosystem. 
The study site is a dense old-growth montane rainforest on a plateau 1440 m a.s.l. surrounded by 
valleys and hills, where a measurement tower equipped with meteorological sensors and an EC 
system was built in 2002. Attempts by previous projects to quantify annual CO2 assimilation and 
respiration rates at the site with EC alone led to unrealistically high uptake estimates. This was 
mainly attributed to an underestimation of night-time respiration due to a lack of turbulent wind 
conditions (Ross, 2007), a common problem for application of EC, especially in the tropics 
(Acevedo et al., 2009; Aubinet, 2008; Hutyra et al., 2008; Van Gorsel et al., 2007). 
At first it was assumed, that the installation of a set of new sensors would resolve this issue. 
Therefore, at the beginning, EC measurements were continued with the same instrumentation as 
before plus a newly installed CO2-profile measurement system. EC measurement systems at their 
core consist of a sonic anemometer to measure three dimensional wind speed and direction coupled 
with a gas analyser, placed above the ecosystem of interest. To work properly, turbulent mixing of 
the atmosphere as well as a mean vertical wind speed of zero is necessary. The profile system 
addresses the concern, that CO2-concentrations in the sub-canopy space below the EC sensor 
might increase during the night, when turbulent mixing is absent and the venting of this air volume 
could be missed (Baldocchi et al., 2000).  
As it soon became clear, that this addition alone could not explain the missing respiration, a second 
approach was used to determine the strength of the biggest source of nocturnal respiration, namely 
soil respiration (Rs). Rs consists of autotrophic respiration from roots as well as heterotrophic 
respiration from microbial organisms and chemical reactions. Over the course of one month, Rs 
rates were measured at different times of day at 22 locations around the measurement tower 
(chapter 3).  
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To assess the forest’s carbon uptake or loss from a different angle, a succession of forest inventories 
was carried out. This third approach is completely independent of all other measurements, but can 
only be used practically to determine changes in above-ground biomass of larger trees instead of 
the whole ecosystem and has its own sources of uncertainties (chapter 2). 
The findings of the soil respiration measurements, forest inventories and external modelling results 
were then integrated in the analysis of the EC measurements (chapter 4). For this reason, EC 
measurements and fluxes derived from those will be described last, although it was the starting 
point of the project. 
5.1.1 Forest inventory 
The foundation of my forest inventories are measurements of diameter at breast height (DBH), 
tree height and tree position taken in 2006 on three 40 by 60 m plots near the measurement tower 
(Culmsee et al., 2010; Culmsee and Pitopang, 2009). One of those plots was subsequently 
re-measured in 2011 during another project (Brambach et al., 2017). Only this plot with its 
individual trees could be re-established and re-measured in 2014 and 2017 as too many number 
tags on the other two plots from 2006 were lost. The three repeated inventories 2011/2014/2017 
are the basis of my analysis of spatial patterns as well as DBH-height model performance. The 
findings from Culmsee et al. (2010) were used in conjunction with a large scale inventory of 10 ha 
around the tower carried out in 2017, to detect changes in basal area (BA) and AGB. 
5.1.1.1 Allometric model performance and sample design 
The repeated inventories were used to establish the performance of a log-log, a Michaelis-Menten 
and a Weibull type diameter-height model. Besides the general question of which model performed 
best at the study site, I was interested in how well models parameterised based on data from one 
year would predict tree heights based on DBH measurements of another year, e.g. their temporal 
stability. If model performance would be stable over longer time periods, work intensive height 
measurements could be undertaken less frequently than DBH measurements.  
Based on residual standard error (RSE) and bias the Michaelis-Menten and Weibull models 
performed best. They were also suitable for height predictions based on different inventory years 
and overall performed much better than pantropical or regional models would have, if results from 
Pasoh (Malaysia) are any indication (Ledo et al., 2016). 
5.1.1.2 Spatial patterns, structure and biomass 
The analysis of spatial patterns did not reveal strong indications for deviation from complete spatial 
randomness which allowed the use of a regular grid sampling design for the large scale inventory 
campaign in 2017. 
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BA remained very similar in comparison to previous results published by Culmsee et al. (2010), yet 
AGB increased by 2.54 Mg ha-1 y-1 from 2006 to 2017 (Table 19). Based on inventory data from 
2011, 2014 and 2017 the diameter distribution in the forest remained relatively stable and similar 
to many old-growth rainforests (Culmsee et al., 2010; Fisher et al., 2013; Lusk and Smith, 1998). 
 
Table 19 Inventory results for the Bariri site based on data from 2006 (Culmsee et al., 2010) and 
2017. 
Year BA [m² ha-1] AGB [Mg ha-1] n Plots Total plot area [ha] 
2006 37.1 ± 0.9 293.4 ± 13.0 3 0.72 
2017 37.86 ± 0.38 321.38 ± 9.64 64 1.28 
 
 
5.1.2 Soil respiration 
Rs measurements were conducted with a LI-8100-103 mobile survey chamber (LI-COR 
Biosciences, USA) at 22 locations along a transect. One measurement took two minutes. Together 
with the time necessary to move between locations, measuring all 22 locations took about two 
hours. Besides soil CO2 emissions, soil temperature and soil humidity were recorded.  For all 
locations, tree distances and DBH of trees in an 8 m radius was determined. Rs was measured over 
the course of one month as often as possible. This resulted in a total of 21 measurement campaigns 
of which 6 were conducted at dawn (05:00-07:00), 6 at midday (11:00- 13:00), 5 at dusk (17:00-
19:00) and 3 at night (23:00-01:00). The smaller amount of night-time measurement campaigns is 
a result of frequent heavy rains at night, which often caused dead branches or trees to fall. 
5.1.2.1 Chamber measurement results and variability 
Measurements indicate a mean Rs of 6.2±1.84 µmol m
-2 s-1 with temporal Rs variability (CV=60%) 
being much lower than spatial variability (CV=136%). When fitted to a linear regression model, Rs 
is significantly correlated with soil temperature (p < 0.0005), but the latter has limited impact 
(R²=0.24). Surprisingly, soil moisture seemed to be of no import to Rs during the observed time 
period, showing to significant correlation. In contrast, mean DBH and BA of trees in a radius of 3 
m around a measurement location were a good predictor for Rs. The best fit (conditional R²=0.88 
(Nakagawa and Schielzeth, 2013)) and lowest AIC was achieved with a linear mixed effect model 
incorporating BA, organic layer thickness and soil temperature. 
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5.1.2.2 Representativeness of soil respiration measurements 
As the abovementioned chamber measurements were performed during one month, it was 
necessary to determine, how representative the weather conditions during this month were for the 
site. Although many meteorological parameters are often quite stable in the tropics, some such as 
rainfall can be influenced by strong seasonal patterns. The measurement month of April 2017 
showed no significant differences in soil moisture and global radiation in comparison to the long-
term data from 2014 to 2017, however air temperature was slightly cooler (1.05 °C, 95% CI 1.18, 
0.91) and soil temperature warmer (0.28 °C, 95%CI 0.26, 0.29).  
Another question regarding the representativeness of these measurements stems from the 
influence of autotrophic respiration on total soil respiration. As there were neither enough time 
nor resources available to determine root densities, the forest inventory data was used as proxy. 
Based on that, tree diameter distribution at the soil respiration measurement locations is not 
significantly different to that found in the surrounding 10 ha of forest.  
In light of the marginal differences in weather conditions and the similarity in tree distribution, the 
mean Rs presented in this thesis can be considered to be representative for the site during the 
project period (December 2013 - April 2017). 
5.1.3 Eddy-Covariance 
The Eddy-Covariance system at the Bariri tower site consists of an USA-1 three dimensional sonic 
anemometer (METEK, Germany) in conjunction with a LI-7500A (Licor Inc., USA) infrared gas 
analyser (IRGA). In 2014 an air storage CO2-concentration measurement setup, consisting of 
intake tubes installed in six different heights at the tower connected to a LI-820 (Licor Inc., USA) 
IRGA was added. The tower is also fitted with a full set of meteorological sensors. Measurements 
were running intermittently from December 2013 to the end of April 2017. Due to instrument 
failures and other impeding circumstances, only the last 12 month were used as a basis for in-depth 
analysis. The focus of my work was on the establishment of defensible annual NEE estimates by 
addressing the night-time flux loss problem and investigating possible meteorological drivers of 
NEE. 
5.1.3.1 Night-time fluxes 
As early results indicated that the addition of air storage CO2-concentration measurement system 
did not mitigate the underestimation of night-time respiration, four approaches were tested to 
resolve this problem. First, the two standard gap-filling procedures developed by Reichstein et al. 
(2005) and Lasslop et al. (2010) which are used by FLUXNET sites were considered. Both were 
discarded as they estimated night-time respiration levels below Rs. 
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The third approach was suggested by van Gorsel et al. (2007) based on experiences in an open wet 
sclerophyll forest in Australia. They observed a peak in CO2-efflux from the ecosystem shortly 
after sunset and before wind speeds dropped for the rest of the night. In connection with a 
temperature dependent decrease function, they found this respiration peak to be in good agreement 
with soil chamber measurements and ecophysiological models. When adapted to Bariri, this 
approach yields an estimate for mean night-time ecosystem respiration of 6.83-7.26 µmol CO2 
m-2 s-1, slightly above Rs. On an annual scale, this translates to a strong sink with a NEE of -7.84 
to -8.64 Mg C ha
-1 y-1. Such a strong sink is difficult to explain with above ground woody biomass 
presumably increasing at a rate of 2.54 Mg ha-1 y-1 e.g. ~1.27 Mg C ha-1 y-1. 
The last strategy takes advantage of the Mixfor-SVAT model developed by Olchev et al. (2008). 
This model had already been used to describe fluxes at the Bariri site in the past and was updated 
and run with the new Rs data by Alexander Olchev. The newly fitted model leads to an estimated 
mean night-time respiration of 9.01±1.47 µmol CO2 m
-2 s-1, resulting in an estimated annual NEE 
of -4.07 to -5.29 Mg C ha-1 y-1. 
5.1.3.2 Meteorological drivers 
Fitting a photosynthesis-irradiance (PI) curve to the EC-data explained 35% of day-time CO2-flux 
variations. The proportion of diffuse radiation had the greatest influence on the residuals of the 
PI-curve, but it was small (R²=0.11). Measurements of photosynthetically active radiation 
transmission indicate an increase in radiation absorption under cloudy conditions which could 




5.2 The Bariri forest in comparison to montane old-growth rainforests 
around the world and arguments for a strong carbon sink at the site 
AGB (320.56±9.64 Mg ha-1) and BA (37.86 ± 0.38 m² ha-1) as well as changes therein estimated for 
the Bariri site are well within ranges reported from other tropical montane old-growth rainforests 
(Aiba and Kitayama, 1999; Alves et al., 2010; Brown et al., 1993; Culmsee et al., 2010; Ensslin et 
al., 2015; Hertel et al., 2009; Malizia et al., 2020; Marshall et al., 2012; Moser et al., 2011; Peña et 
al., 2018; Requena Suarez et al., 2019). Standard tree diameter-height models performed as well as 
at other tropical sites (Ledo et al., 2016; Sullivan et al., 2018) and proofed to be stable over long 
time periods, as the forest structure changed little over the years. 
Soil CO2 respiration at Bariri is with 6.2 ± 1.84 µmol m
-2 s-1 at the upper range of reported fluxes 
from tropical rainforests around the world and had very little temporal variation. Soil moisture had 
no observable impact on respiration at all, while soil temperature changes were correlated weakly 
but significantly with fluxes. In contrast, a strong influence of BA in a 3 m radius was discovered. 
Results from other sites in tropical rainforests indicate that local conditions influence Rs so strongly 
that generalisations are hard to make. The interaction of local soil type, climate, topography, 
vegetation and fauna is so diverse, that factors that were found to have a significant impact in one 
location had none in others. Therefore, each site has to be treated differently and judged 
accordingly (Bréchet et al., 2011; Chambers et al., 2004; Davidson et al., 2004, 1998; Hashimoto et 
al., 2004; Rubio and Detto, 2017; Sotta et al., 2004, 2006; van Straaten et al., 2011; Wood et al., 
2013; Zhou et al., 2013; Zimmermann et al., 2009a, 2010).  
For annual NEE estimates based on EC, no directly comparable site exists, as all other EC-tower 
sites in the tropics are in lowland areas. When findings from these sites are nevertheless considered 
for comparison, only two of my NEE estimates come close to the range found in such forests. 
(Aguilos et al., 2018; Andreae et al., 2002; Grace et al., 1995; Hutyra et al., 2008; Kosugi et al., 2008; 
Loescher et al., 2003; Malhi et al., 1998; Miller et al., 2004; Saitoh et al., 2005; Saleska et al., 2003; 
Zeri et al., 2014). Based on my forest inventory results, Rs measurements and previous work on 
leaf respiration by Rakkibu (2008), discarding night-time measurements completely and using 
Mixfor-SVAT (Olchev et al., 2008) night-time fluxes, is the only way to reach realistic estimates. 
When using these modelled night-time fluxes, the Bariri site is shown to be a strong sink with an 
uptake of -4.07 to -5.29 Mg C ha-1 y-1. As only about 1.27 Mg C ha-1 y-1 of these where found to be 
bound in aboveground biomass of trees with a DBH ≥ 10 cm, it becomes imperative to consider 
where the remaining carbon could be stored. 
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In terms of aboveground storage, climbers may play an important role. Eyewitness reports from 
local assistants indicate sustained harvesting of rattan by the local population in the forest previous 
to the establishment of the study site, which is regrowing ever since. 
There are also ample arguments to be made for a sustained soil carbon sink at the site. An altitudinal 
transect study in the Peruvian Andes using translocated soil cores showed increased soil carbon 
allocation to below-ground carbon stocks with increasing altitude (Zimmermann et al., 2009a) and 
a decrease in below-ground productivity (Girardin et al., 2010). If this trend is true for the montane 
rainforest at the Bariri site, it could explain part of the higher uptake in comparison to lowland 
rainforests. 
Additionally, the soil at the Bariri site has been described as Rhodic Ferralsol (Brambach et al., 
2017) and has extremely low cation exchange capacity and pH (van Straaten, unpublished data).  
Rhodic Ferralsols have a very high capacity to fix phosphorous, while iron and aluminium oxides 
present in such soils can play a large role in soil chemistry (Wambeke, 1974). Iron and aluminium 
oxides in turn are known to fix aromatic compounds in stable soil carbon pools under low pH 
values in forests (Schrumpf et al., 2013). Low phosphorous availability limits soil microbiological 
activity, which has been linked to increased carbon losses through leaching in the wet tropics 
(Wieder et al., 2009). Furthermore, heterotrophic respiration is likely more sensitive to temperature 
than autotrophic respiration and limited microbiological activity could strongly influence soil 
respiration, as litter decomposition can be responsible for ~37% of total respiration rates 
(Zimmermann et al., 2009b).  
A further argument supporting sustained high annual carbon uptake at the Bariri site in comparison 
to other tropical EC-sites, is the allocation of carbon to different parts of trees under varying 
climatic conditions. A negative influence of high night-time temperatures on tree diameter growth 
has been observed in a rainforest in Costa Rica (Clark et al., 2010), while for European tree species 
a correlation of lower coarse wood debris decay rates with lower temperatures has been confirmed 
(Herrmann and Bauhus, 2013). If this is assumed to hold for all tropical biomes, these two factors 
together could lead to a higher percentage of total forest carbon stored in living and dead wood 
biomass in colder montane rainforests than in hotter lowland rainforests. A further argument for 
high forest biomass at Bariri is again the observed soil chemistry. Soil cations and phosphorous 
content was negatively correlated with stand level biomass and positively with tree turnover rate in 
the Amazon basin (Quesada et al., 2012), which means that forests on soils poor in both are likely 
to have a high amount of woody biomass. Coarse wood debris in turn has high lignin content and 
high lignin concentrations have a detrimental impact on biotic decomposition of plant matter 
(Austin and Ballaré, 2010; Meentemeyer, 1978), therefore this could lead to larger long-term dead 
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wood carbon stocks in montane regions. Additionally, lignocellulose derived substrates and 
therefore a large part of woody biomass decomposition products are more likely to form stable 
bonds with iron and aluminium oxides than other dissolved organic matter components (Kaiser 
and Guggenberger, 2000), furthering the argument for large stable soil carbon pools at Bariri.  
Last but not least, increased CO2 concentrations in the atmosphere and increased nitrogen 
fertilisation from anthropogenic nitrogen emissions have been linked to increasing carbon uptake 
of ecosystems (Carey et al., 2001; Galloway et al., 2004).   
 
There are many reasons to suspect a strong carbon sink of the ecosystem at the Bariri site, as 
elucidated in the previous two sections. Together with Rattan regrowth, such effects on soil 
respiration and plant matter decomposition in conjunction with continuous and sufficient water 
supply as well as high incoming radiation, could explain the overall high carbon uptake.  
 
5.3 Open questions 
Further forest inventories as well as surveys of biomass changes in rattan would be valuable for 
further improving AGB estimates. Measuring Rs rates over longer time spans as well as a larger area 
would be very helpful in understanding this major component of RE. Together with further leaf- 
and stem respiration measurements, ecosystem RE at the site could be determined independently 
of EC measurements, which could lead to a better understanding of the carbon cycle at the site. Rs 
measurements should also be accompanied by an analysis of soil carbon and changes thereof. 
Furthermore, a more fine grained survey of plants together with long-term PAR measurements at 
Rs measurement locations could lead to better insights into the control of the surrounding 
vegetation on Rs-fluxes. While knowing root biomass at these locations would be interesting too, 
this would preclude long-term measurements which I belief are more important at this point. Last 
but not least, a thorough investigation of advective fluxes and the influence of large eddies on NEE 






This thesis strengthens the assumption that the forest at the Bariri site has been a constant carbon 
sink in the recent past. By providing robust BA, AGB and mean annual AGB estimates for the 
forest at the site, a conservative lower bound for NEE is established. This fulfils my first main 
objective and resolves one part of the previously uncertain contribution of ecosystem elements to 
the carbon cycle at the site (Figure 45, a).  
I observed temporally stable Rs over one month and at different times of the day, while measuring 
at very divers locations. Combined with the stable meteorological conditions at the site, this gives 
a solid estimation of this major component of RE (Figure 45 b). This is invaluable information for 
addressing the third main objective, although further research on the temporal stability of Rs are 
needed, as it might be different under more unusual meteorological conditions. While this study 
presents the first estimation of tree density impacts on Rs in a tropical montane rainforest, the fact 
that strong impacts of mean DBH and BA on Rs were only found inside a 3 m radius around 
measurement locations warrants further investigations into the influence of vegetation density on 
these fluxes.  
 
Figure 45: Resolved questions about the main components of the carbon cycle at Bariri marked 
in green, partly resolved questions in orange a) Aboveground biomass of trees with a DBH ≥ 10 
cm b) soil respiration measurements and c) Eddy-covariance including storage term. 
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The difficult conditions at the site, which prevented regular and necessary maintenance, lead to a 
range of data gaps. Nevertheless a defensible annual NEE estimate was achieved for one site-year. 
Although the measurement of the storage flux was not enough to resolve the systematic bias of 
EC measurements at the Bariri site, it closes an important gap in our knowledge about flux 
dynamics at the site and eliminates one possibility for the current overestimation of NEE (Figure 
45 c). While further research is necessary to achieve good annual NEE estimates from 
measurements alone, employing the newly parameterised Mixfor-SVAT model to replace 
problematic measured night-time fluxes finally leads to an estimated annual uptake of -4.07 to -5.29 
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